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ABSTRACT 

 

 

Technical analysis (TA) is considered as an “economic” test for the random walk 2 

hypothesis and thus for the weak form Efficiency Market Hypothesis (EMH). 

Advocates of TA assert that it is plausible to forecast future evolutions of financial 

assets‟ price paths with a bundle of technical tools conditioned on historical prices. 

Among these tools, we can identify technical patterns, which are specific forms of 

price paths‟ evolutions which are mainly identified visually. When such pattern is 

confirmed, a technician expects prices to evolve with a specific way. Although, 

bibliography on testing the efficacy of TA is massive, only a minor fraction of it deals 

with technical patterns. Various cognitive biases affecting practitioners‟ trading and 

investment activities and subjectivity embedded in the pattern‟s recognition process 

via visual assessment, set significant barriers in any attempt to evaluate the 

performance of trading strategies including such patterns. In this thesis we propose 

novel, rule-based, identification mechanisms for a set of well known technical 

patterns classified in the following three general categories: horizontal, zig-zag and 

circular patterns. The novelty of the proposed methodologies resides in the manner 

the identification mechanisms are designed. Core principles of TA, regarding the 

pattern identification via visual assessment are being quantified and the proposed 

recognizers outperform already existed ones to the fact that they identify all variations 

of the examined patterns regardless of their size, in a more objective manner. Thus, 

we believe that the proposed methodologies can set another basis for the development 

of more sophisticated automatic trading systems and more comprehensive and robust 

evaluations of TA in general. Implications for the industry and the finance community 

are also plausible. Software programs (or packages) of TA can include these 

recognizers in the bundle of all other technical indicators they provide within their 

services. Finally, practitioners may include these trading rules within their investment 

and trading activities, after assessing their performance individually, enhancing them 

(if necessary), or modifying them according to their idiosyncratic investment profile. 

We subsequently proceed to the individual and joint evaluation of the examined 

patterns‟ performance. For this purpose we use a variety of datasets (artificially 

created, US stocks and worldwide market indices) and assess generated returns with 

ordinary statistical tests, bootstrapped techniques and artificial neural networks. Our 

empirical findings are either new or comparable with already existed ones. To our 

point of view, some of the most significant and interesting are the followings: 1) 

Technical patterns were successfully identified in stochastically generated price paths. 

Thus, it is reasonable to expect their appearance in real price series too. 2) For 

specific patterns, when applied on stochastic price series, frequencies of observations, 

and returns‟ characteristics were similar with those observed in real price series. 3) 

Generally, our results are in favour of EMH. 4) Indications of market inefficiencies (if 
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any) were more profound in the earlier sub-periods of examination, but not in recent 

ones. 5) Indications in favour of TA (if any) were observed when shorter holding 

periods were used. 6) Technical trading rules may successfully predict trend reversals, 

trend continuations or the sign of future returns, but they fail to generate 

systematically, statistically significant excess returns. The latter finding, if combined 

with a variety of cognitive biases included in investors‟ decision making processes, 

may reason for the apparent wide-spread implementation of TA within the everyday 

trading and investment activities of practitioners. This thesis is not the first published 

attempt to quantify such technical patterns and assess the generalised efficacy of TA. 

However, to our knowledge, the manner we approached the aforementioned issues is 

new. We believe that the proposed methodologies outperform already existed ones 

and implications of this thesis to academia and finance industry are significant.  

 

 

ABSTRACT (IN GREEK) 

 

 

Η Τερληθή Αλάιπζε (ΤΑ) ζεσξείηαη σο έλαο «νηθνλνκηθόο» έιεγρνο γηα ηελ ππόζεζε 

ηνπ ηπραίνπ πεξηπάηνπ 2 θαη επνκέλσο ηεο ππόζεζεο ηεο απνηειεζκαηηθόηεηαο ησλ 

αγνξώλ. Υπνζηεξηθηέο ηεο ΤΑ ηζρπξίδνληαη όηη είλαη δπλαηή ε πξόβιεςε ηεο 

κειινληηθήο εμέιημεο ησλ ηηκώλ ρξεκαηννηθνλνκηθώλ πεξηνπζηαθώλ ζηνηρείσλ, 

ρξεζηκνπνηώληαο έλα ζύλνιν ηερληθώλ εξγαιείσλ δεδνκέλεο ηεο ηζηνξηθήο εμέιημεο 

ησλ ηηκώλ. Μεηαμύ απηώλ ησλ εξγαιείσλ, δηαθξίλνπκε ηνπο ηερληθνύο ζρεκαηηζκνύο, 

νη νπνίνη είλαη ζπγθεθξηκέλεο κνξθέο εμέιημεο ηηκώλ πνπ αλαγλσξίδνληαη θαηά θύξην 

ιόγν κε νπηηθό ηξόπν. Όηαλ επηβεβαηώλεηαη έλαο ηέηνηνο ζρεκαηηζκόο, έλαο ηερληθόο 

αλαιπηήο αλακέλεη νη ηηκέο λα αθνινπζήζνπλ κία θαζνξηζκέλε πνξεία. Αλ θαη ε 

βηβιηνγξαθία πνπ εμεηάδεη ηελ απνηειεζκαηηθόηεηα ηεο ΤΑ είλαη νγθώδεο, κόλν έλα 

κηθξό πνζνζηό απηήο αζρνιείηαη κε ηνπο ηερληθνύο ζρεκαηηζκνύο. Οη δηάθνξεο 

γλσζηηθέο κεξνιεςίεο (cognitive biases) πνπ επεξεάδνπλ ηηο ζπλαιιαγέο θαη ηηο 

επελδπηηθέο δξαζηεξηόηεηεο ησλ επελδπηώλ, θαζώο θαη ε ππνθεηκεληθόηεηα πνπ 

εκπεξηέρεηαη ζηελ δηαδηθαζία νπηηθήο αλαγλώξηζεο ζρεκαηηζκώλ ηνπνζεηεί 

ζεκαληηθά εκπόδηα ζε νπνηαδήπνηε πξνζπάζεηα αμηνιόγεζεο ζηξαηεγηθώλ 

ζπλαιιαγώλ πνπ πεξηιακβάλνπλ ηέηνηνπο ζρεκαηηζκνύο. Σηελ παξνύζα δηαηξηβή 

πξνηείλνπκε θαηλνηόκνπο, “rule-based”, κεραληζκνύο αλαγλώξηζεο γηα έλα ζύλνιν 

γλσζηώλ ηερληθώλ ζρεκαηηζκώλ πνπ αλήθνπλ ζηηο παξαθάησ ηξεηο γεληθέο 

θαηεγνξίεο: νξηδόληηνη, δηγθ-δαγθ θαη θπθιηθνί ζρεκαηηζκνί. Η θαηλνηνκία ησλ 

πξνηεηλόκελσλ κεζνδνινγηώλ έγθεηηαη ζηνλ ηξόπν ζρεδίαζεο ησλ κεραληζκώλ 

αλαγλώξηζεο. Βαζηθέο αξρέο ηεο ΤΑ, ζρεηηδόκελεο κε ηελ αλαγλώξηζε ησλ 

ζρεκαηηζκώλ κε νπηηθή αμηνιόγεζε, πνζνηηθνπνηνύληαη θαη νη πξνηεηλόκελνη 

κεραληζκνί αλαγλώξηζεο ππεξηεξνύλ ησλ ήδε ππαξρόλησλ ππό ηελ έλλνηα όηη 
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αλαγλσξίδνπλ όιεο ηηο παξαιιαγέο ησλ εμεηαδόκελσλ ζρεκαηηζκώλ, αλεμαξηήησο 

ηνπ κεγέζνπο ηνπο, θαηά έλα πην αληηθεηκεληθό ηξόπν. Δπνκέλσο, πηζηεύνπκε όηη νη 

πξνηεηλόκελεο κεζνδνινγίεο κπνξνύλ λα ζέζνπλ κία λέα βάζε γηα ηελ αλάπηπμε πην 

ζύλζεησλ απηνκαηνπνηεκέλσλ ζπζηεκάησλ ζπλαιιαγώλ θαη ηελ δηεμαγσγή πην 

πεξηεθηηθώλ θαη εύξσζησλ αμηνινγήζεσλ ηεο ΤΑ. Δπίζεο, εκθαλείο είλαη νη 

επηπηώζεηο ηεο παξνύζαο δηαηξηβήο ζηελ βηνκεραλία θαη ηελ ρξεκαηννηθνλνκηθή 

θνηλόηεηα. Λνγηζκηθά πξνγξάκκαηα ηεο ΤΑ κπνξνύλ λα ζπκπεξηιάβνπλ ηνπο 

πξνηεηλόκελνπο κεραληζκνύο αλαγλώξηζεο ζην ζύλνιν ησλ ινηπώλ ηερληθώλ 

εξγαιείσλ θαη ππεξεζηώλ πνπ ήδε παξέρνπλ. Δλ ηέιεη, νη επελδπηέο κπνξνύλ λα 

ζπκπεξηιάβνπλ ηνπο παξνπζηαδόκελνπο θαλόλεο ζπλαιιαγώλ ζηηο ζπλαιιαγέο θαη 

ηηο επελδπηηθέο δξαζηεξηόηεηέο ηνπο, αθνύ πξώηα αμηνινγήζνπλ ηελ επίδνζε ηνπο 

κεκνλσκέλα, ηνπο βειηηώζνπλ (εάλ θξίλνπλ όηη είλαη απαξαίηεην), θαη γεληθόηεξα 

ηνπο ηξνπνπνηήζνπλ βάζεη ησλ δηθώλ ηνπο ηδηνζπγθξαζηαθώλ επελδπηηθώλ πξνθίι. 

Αθνινύζσο, πξνβαίλνπκε ζηελ κεκνλσκέλε θαη από θνηλνύ αμηνιόγεζε ηεο 

επίδνζεο ησλ εμεηαδόκελσλ ζρεκαηηζκώλ. Γηα απηόλ ην ζθνπό ρξεζηκνπνηνύκε έλα 

εύξνο ζπλόινπ δεδνκέλσλ (ηερλεηέο ρξνλνζεηξέο, κεηνρέο ησλ ΗΠΑ θαη 

παγθόζκηνπο ρξεκαηηζηεξηαθνύο δείθηεο) θαη αμηνινγνύκε ηηο πξαγκαηνπνηεζείζεο 

απνδόζεηο κε ζπλήζε ζηαηηζηηθά ηεζη, ηερληθέο bootstrap, θαη ηερλεηά λεπξσληθά 

δίθηπα. Τα εκπεηξηθά απνηειέζκαηα πνπ πξνθύπηνπλ είλαη είηε θαηλνύξηα είηε άκεζα 

ζπγθξίζηκα κε ηα ήδε ππάξρνληα. Σύκθσλα κε ηελ δηθή καο άπνςε, θάπνηα από ηα 

πην ζεκαληηθά θαη ελδηαθέξνληα είλαη ηα παξαθάησ: 1) Σρεκαηηζκνί ηεο ΤΑ 

αλαγλσξίζηεθαλ επηηπρώο ζε ζηνραζηηθέο ρξνλνζεηξέο. Δπνκέλσο είλαη εύινγν λα 

αλακέλνπκε ηελ ύπαξμε ηνπο θαη ζε πξαγκαηηθέο ρξνλνζεηξέο. 2) Γηα 

ζπγθεθξηκέλνπο ζρεκαηηζκνύο πνπ ρξεζηκνπνηήζεθαλ ζε ζηνραζηηθέο ρξνλνζεηξέο, 

νη ζπρλόηεηεο εκθάληζεο ηνπο θαη ηα ραξαθηεξηζηηθά ησλ πξαγκαηνπνηεζέλησλ 

απνδόζεσλ είλαη παξόκνηα κε ηα αληίζηνηρα απηώλ πνπ παξαηεξήζεθαλ ζε 

πξαγκαηηθέο ρξνλνζεηξέο. 3) Γεληθά ηα απνηειέζκαηα καο είλαη ππέξ ηεο ππόζεζεο 

απνηειεζκαηηθόηεηαο ησλ αγνξώλ. 4) Δλδείμεηο αλαπνηειεζκαηηθόηεηαο ησλ αγνξώλ 

(όπνπ θαη αλ απηέο ππήξραλ) ήηαλ πην πξνθαλείο ζε πξσηύηεξεο ππνπεξηόδνπο 

εμέηαζεο, αιιά όρη ζε πξόζθαηεο. 5) Δλδείμεηο ππέξ ηεο ΤΑ (όπνπ θαη αλ απηέο 

ππήξραλ) παξαηεξήζεθαλ όηαλ ρξεζηκνπνηήζεθαλ βξαρππξόζεζκνη πεξίνδνη 

δηαθξάηεζεο. 6) Τερληθνί θαλόλεο ζπλαιιαγώλ κπνξνύλ λα πξνβιέςνπλ επηηπρώο 

αιιαγέο ηάζεσλ, ζπλέρεηεο ηάζεσλ ή ην πξόζεκν ησλ κειινληηθώλ απνδόζεσλ, αιιά 

απνηπγράλνπλ λα δεκηνπξγήζνπλ ζπζηεκαηηθά, ζηαηηζηηθά ζεκαληηθέο 

ππεξαπνδόζεηο. Τν ηειεπηαίν εύξεκα, εάλ ζπλδπαζηεί κε ην πιήζνο γλσζηηθώλ 

κεξνιεςηώλ πνπ εκπεξηέρνληαη ζηηο δηαδηθαζίεο ιήςεο απνθάζεσλ ησλ επελδπηώλ, 

κπνξεί λα εμεγήζεη ηελ εκθαλή, επξεία εθαξκνγή ηεο ΤΑ ζηηο θαζεκεξηλέο 

ζπλαιιαγέο ησλ επελδπηώλ. Η παξνύζα δηαηξηβή δελ απνηειεί ηελ πξώηε 

δεκνζηεπκέλε πξνζπάζεηα πνζνηηθνπνίεζεο ηέηνησλ ηερληθώλ ζρεκαηηζκώλ θαη 

αμηνιόγεζεο ηεο γεληθήο επίδνζεο ηεο ΤΑ. Ωζηόζν, από όζν γλσξίδνπκε, ν ηξόπνο 

πξνζέγγηζεο ησλ πξναλαθεξνκέλσλ δεηεκάησλ είλαη θαηλνύξηνο. Πηζηεύνπκε όηη νη 

πξνηεηλόκελεο κεζνδνινγίεο ππεξηεξνύλ ησλ ήδε ππαξρνπζώλ θαη νη επηπηώζεηο ηεο 

παξνύζαο δηαηξηβήο ζηελ αθαδεκατθή θνηλόηεηα θαη ηελ ρξεκαηννηθνλνκηθή 

βηνκεραλία είλαη ζεκαληηθέο.     
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CHAPTER 1 

INTRODUCTION 

 

 

1.1 Motivation and Scope 

 
It can be argued that the tendency to observe, interpret and predict is a diachronic 

characteristic of mankind. In the area of Finance, the same feature can be traced in the 

man‟s effort to explain how financial assets‟ prices evolve. For this purpose, a variety 

of different theories and methodologies were developed especially in most recent 

years where technological innovations, globalisation, and more complex financial 

instruments are apparent. Low equity risk premia, increased market operational 

efficiency, development of more liquid derivative markets, a more competitive 

investment market place and general technological advancement have all aided the 

continued development and interest in more sophisticated trading and investment 

strategies (Zapranis & Tsinaslanidis, 2010b). 

Over the years, Efficient Market Hypothesis (EMH hereafter) has been a 

strongly debated concept in academia. Numerous are the scientific articles assessing 

this concept in different time periods, financial markets, and financial products, with a 

variety of methodologies based on different trading and investment strategies. 

Technical analysis (TA hereafter) is considered as an “economic” test for the random 

walk 2 model and thus the weak form EMH. Bibliography referring to it is also 

voluminous and many controversial arguments were stated over the years. Generally, 

advocates of technical analysis regard it as a process of predicting future financial 

assets‟ prices using as available information historical prices. However, subjectivity 

embedded in it, has been usually an argument against its usefulness. But this 

subjective nature, the impressive terminology, and probably some cognitive biases 

that affect the trading and investment activities of many practitioners, may all provide 

reasoning for the apparent impact it has in the financial community in general. On 28 

April 2012, when typing “technical analysis” (match phrase search) in Google search, 

the results returned were approximately 23,100,000! Taylor and Allen (1992) 

conducted a questionnaire survey and they reported that 90% of chief foreign 

exchange dealers consider technical signals within their investment decisions. Their 
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core results were corroborated from later studies, for other countries too (Menkhoff, 

1997; Lui and Mole, 1998, Y. Cheung and Chinn, 2001).
1
  

Technical analysis includes a package of technical tools for predicting future 

price evolutions. Among them, we can mainly identify technical indicators and 

technical patterns. Technical indicators are defined by a set of mathematical equations 

and they are drawn on the chart of a price series to derive trading signals. On the other 

hand technical patterns are specific forms of evolutions of price paths which are 

mainly identified visually. When such pattern is identified, a technician expects prices 

to evolve with a specific way. Although descriptions for defying such patterns can be 

found in numerous technical manuals, web-pages and so on, this pattern recognition 

process embeds a high level of subjectivity. This subjectivity and various cognitive 

biases, like clustering illusion reported in the context of behavioral finance, place 

frontiers in the assessment of the efficacy of such patterns. Scientific articles testing 

the predictive power of chart patterns constitute only a minor fraction of the existing 

bibliography on testing the profitability of technical analysis in general. This dismal 

size of the bibliography can be mainly attributed to the difficulty that lies in the 

development of an efficient and robust pattern identification mechanism that 

integrates all relevant subjective principles of technical analysis, in an objective 

manner. 

The scope of this thesis is to shed light in this foggy area of technical analysis. 

To do so, we propose novel rule-based identification mechanisms for technical 

patterns. These mechanisms enclose principles found in various technical manuals 

describing the recognition of such patterns via visual assessment. By this manner, 

subjectivity is being extracted, and we set the basis for future evaluations of the 

technical analysis in general. In addition we evaluate individually and jointly the 

performance of these patterns with statistical methodologies that capture distributional 

characteristics of financial assets‟ returns. We implement a relative wide universe of 

technical trading rules, on different datasets (both artificially created and real ones), 

with relative large sample periods and assess TA‟s performance with a variety of 

statistical methodologies (ordinary statistical tests, Bernoulli trials, bootstrapped 

techniques, neural networks). By this process, we generate empirical results either 

                                                             
1
 Discussed further in Chapter 3. 
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comparable with already existed ones or new. We expect empirical findings of this 

thesis to be used as benchmarks for comparisons with future studies.     

 

1.2 Thesis Overview 

 
This section presents the manner this thesis is structured into four parts and eight 

chapters and provides an overview for each one. 

Part I provides the main theoretical background of this thesis. The description 

of this background starts by presenting the concept of Efficient Market Hypothesis 

(EMH) along with related to it concepts and theories usually found in the 

bibliography. Subsequently, we focus on the first form of EMH (weak form) and we 

present two main tools used for testing its validity: filter rules and technical analysis. 

The latter is being scrutinized further, since it is our main area of interest in this 

thesis. Particularly, we focus on technical patterns which embed subjectivity in their 

identification and interpretation process, and we describe the main technical patterns 

for which we are going to propose rule-based identification mechanisms in 

subsequent chapters, and present the corresponding existed empirical results. Thus, in 

this first part we gradually focus our attention from a wider theoretical background to 

the main topic of this thesis which is, as indicated by its title, technical trading 

strategies, pattern recognition and weak form market efficiency tests. Part I is being 

composed by Chapters 2 and 3. 

Chapter 2, after describing the three main forms of EMH, it presents theories 

and concepts closely related to it. Efficient market hypothesis states that prices fully 

reflect all available information and thus we cannot generate systematically excess 

returns by using any trading system or investment philosophy based on this set of 

information. Martingales and random walk hypothesis are aligned with the EMH 

since they generally imply that financial asset prices evolve in a stochastic manner. 

Although most empirical findings are in favour of EMH researchers discerned a 

number of market “anomalies” that seemed to offer investors the opportunity to 

achieve abnormal returns. This chapter refers only to one part of these “anomalies” 

dubbed “time patterns” for which verification we use only historical data. These “time 

patterns” generally describe market price fluctuations depended on specific seasons of 

the year, days of the week, intraday time spans, or generally on specific time periods. 

We focus only to this subset of market anomalies because they are directly linked to 
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the first form of EMH, which is the one this thesis examines its validity. Although, 

historically, parts of these phenomena had been explained by models which assume 

rationality in investors‟ trading and investment activities, behavioral finance provides 

explanations based on market psychology and irrationality. Various cognitive biases 

affect the way investors act. Some of these biases may be used to provide reasoning 

for the persisting inclusion of technical analysis into investment and trading activities, 

by a large proportion of investment community, although existed empirical evidences 

are not generally in favour of its efficacy. Finally the joint hypothesis problem is an 

additional barrier for a researcher with the intention to test the validity of EMH. The 

existence of excess returns, which signifies market inefficiencies, should be 

statistically significant. The model(s) used for the calculation of excess returns and 

their statistical significance should be jointly tested with the EMH test. 

Chapter 3 focuses on the second variation of random walk, dubbed RW2. This 

variation is a relaxed version of RW1 which implies that the natural logarithm of 

financial assets‟ prices follow a random walk were increments are independent but not 

identically distributed. This relaxation allows for unconditional heteroskedasticity, 

which means that financial assets‟ return series exhibit time-varying volatility 

clustering. Filter rules and technical analysis are considered as “economic” tests for 

the RW2 and thus the weak form EMH. This thesis focuses on the latter, and thus 

after briefly describing filter rules and their empirical evidences, this chapter centers 

attention to technical analysis and particularly to technical patterns. At this point a 

theoretical description is being provided to a bundle of technical patterns for which 

this thesis subsequently proposes identification methodologies. Finally, this chapter 

finishes with a presentation of the corresponding literature review and the historically 

reported, empirical evidences of the technical patterns we consider in this thesis. 

Part II proposes novel rule-based identification mechanisms for a variety of 

technical patterns. Technical patterns are of particular interest because their 

identification and interpretation processes are characterized by subjectivity, especially 

when these processes are being implemented via visual assessment. This subjective 

nature, enclosed in visual pattern recognition makes their evaluation a difficult task to 

implement. The purpose of Part II is to extract this subjectivity with the development 

of unbiased recognizers which enclose basic conventions found in technical manuals 

(Achelis, 1995; Bulkowski, 2002; Edwards & Magee, 1997; Murphy, 1986) regarding 

the identification of the examined patterns. Preliminary evidences regarding the 
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efficacy of technical analysis are being presented, since in each chapter of Part II the 

efficacy of each pattern is being evaluated in isolation with a variety of datasets. The 

main datasets used for this purpose are artificially created price paths and components 

of NYSE and NASDAQ for the last two decades. This thesis proposes identification 

mechanisms for 8 known patterns (support and resistance levels, head and shoulders, 

rounding tops/bottoms, flags, pennants, wedges, triple tops/bottoms and double 

tops/bottoms). However, empirical evidences are being reported only for the first 

three (Support and Resistance levels, Head and Shoulders, Rounding Tops/Bottoms). 

Support and Resistance levels, the Head and Shoulder and Rounding Tops/Bottoms 

patterns are representative cases of three general classes, namely “horizontal”, “zig-

zag” and “circular” type technical patterns respectively. All remaining technical 

patterns are considered as zig-zag patterns and the notion underlying their 

identification process is similar with the one presented for the head and shoulders 

pattern. Thus their identification methodology is being presented in the Appendix.
2
 

Part II is being composed by Chapters 4, 5 and 6. 

Chapter 4 describes the proposed identification methodology for Horizontal 

Support and Resistance levels (HSAR). Most empirical studies define support and 

resistance levels as the lowest and highest price levels observed in a constant, 

precedent time period. Clearly this is one way of drawing support and resistance 

levels, but it fails to simulate the visual identification process where a chartist 

identifies them by considering a number of historical locals observed near a same 

price level, simultaneously. The presented methodology deals with this problem and 

after their identification, we proceed in the assessment of their predictability. The 

dataset used for this purpose consists of daily closing prices of 232 stocks traded at 

NASDAQ and 501 stocks traded at NYSE for the last two decades. The 

aforementioned assessment examines firstly if HSAR levels are able to successfully 

predict trend reversals and trend continuations, secondly if they are able to generate 

abnormal returns, and finally if indications of excess returns observed in particular 

price series, are characterised by consistency. For these purposes, the designed trading 

rules were evaluated with bootstrapped resampling techniques, Bernoulli trials and 

ordinary two-sample Student‟s t-tests. Empirical results obtained by this Chapter, not 

                                                             
2
 The efficacy of the technical patterns presented in the Appendix is being examined jointly in 

PART III where we assess the generalised predictability of technical analysis. 



6 
 

only corroborate previously reported findings, but they also provide more specific 

evidences regarding support and resistant levels individually and as a whole. Our 

findings are mainly compared with those reported by studies which imply, that the 

examined support and resistance levels were derived visually. 

Chapter 5 describes the proposed identification methodology for the Head and 

Shoulders (HS) technical pattern. Although the criteria for the identification of this 

pattern had been defined earlier (Lucke, 2003), we enriched them in order to identify 

all four different variations of the examined pattern. In addition this Chapter presents 

an alternative identification methodology based on a combination of rule-based, 

template matching techniques and artificial neural networks. Trading rules, designed 

for these identification methods were applied first on artificially created price paths 

and subsequently on real datasets. Regarding the first dataset, half a million 

artificially created price paths were simulated with the Geometric Brownian Motion 

(GBM) by using different combinations of drift and volatility rates. The reason for 

testing firstly the pattern on random price series is because we should not take for 

granted that technical patterns can be identified in a stochastic process. After 

verifying that the pattern was indeed identified in a random environment we can argue 

that it could be identified in real price series too. Clustering illusion, presented in the 

context of behavioral finance, suggests that human identifies patterns in a chaotic 

system. This bias can cast doubt on the efficacy of TA. To clarify this point, we 

proceeded in the assessment of the pattern‟s predictability on real datasets. The 

dataset used for this purpose is the same with the one used for the HSAR assessment. 

Empirical results are either new or corroborate previously reported findings. 

Chapter 6 describes the proposed identification methodology for the Rounding 

Bottoms/Tops (RB/RT) technical pattern. The identification of this pattern is 

considered a difficult task to implement due to its circular characteristics. Existed 

rule-based techniques do not capture the circular characteristics of this pattern and 

thus most studies approach the identification of this pattern with nonlinear techniques. 

The drawback of this approach is that the user, when using such an identification 

system, has to specify the time frame for assessing a particular part of a series. In the 

proposed identification methodology, the pattern is being recognized regardless of its 

size, while considering its circular characteristics. In addition, by the manner this 

mechanism had been developed we are able to identify and evaluate support and 

resistance levels at their simplest form, simply by changing the variables of this 
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process. Again, the proposed identification mechanism captures conventions found in 

technical manuals and our results corroborate previous findings. The dataset used for 

this evaluation consists of seven tech stocks, for relative large time periods and the 

pattern was assessed in different sub-periods of examinations, with different sets of 

holding periods. 

Part III attempts to assess the generalized efficacy of TA. To do so a relative 

wide universe of technical indicators and patterns is being considered. Pring states 

(2002, p. 11): “No single indicator can ever be expected to signal all trend reversals, 

so it is essential to use a number of them together to build up a consensus”. In 

addition, the existence of any potential evidence in favour of an individual technical 

indicator or pattern should not be regarded as an indication of market inefficiency. 

There is a wide range of technical indicators and patterns and the generalised value of 

TA should be estimated on the basis of this universe. Otherwise the predictive power 

of one technical rule, at one market for a specific time period could be attributed to 

pure chance. The dataset used in this part is composed from daily closed prices of 25 

market indices around the world, for the last decade. Ordinary statistical tests, 

bootstrapped tests and neural networks are being used for this assessment. Part III is 

being composed by Chapters 7 and 8. 

Chapter 7 examines the generalised predictive power of TA, by implementing 

17 well known technical patterns and indicators, on 25 of the world‟s most famous 

market indices, over the last decade. Parameters used for defining these trading rules 

are excerpted from celebrated technical manuals, and are the most commonly used. 

Following the pioneered methodology applied in (Brock, Lakonishok, & Lebaron, 

1992) ordinary statistical tests are presented firstly and enhanced bootstrapped 

techniques are implemented subsequently. With Ordinary statistical tests, which 

include Student‟s t-tests and Bernoulli trials, we obtain a first indication regarding the 

generalised efficacy of TA. However, distributional assumptions made by these test 

are not likely to occur in actual price series. Real price series present leptokurtosis, 

autocorrelation and conditional heteroskedasticity. To deal with this problem we carry 

bootstrap test, where distributions are generated from the increments of simulated null 

models (AR(1), GARCH-m and E-GARCH) after ensuring their independency and 

homoskedasticity.  

Chapter 8 examines the generalised efficacy of TA from a different 

perspective. Our effort is to develop a system which simulates the trading behaviour 
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of real investors. Whilst in the previous chapter we use specific parameters for the 

estimation of technical indicators and the identification of technical patterns, in this 

chapter we select optimal parameter combinations through a parameter optimization 

process. For this purpose we propose an ANOVA-based technique which identifies 

for each trading rule the optimal parameter combination, through a back-testing 

process. Graphical representations and geometric criteria area also included in order 

to select the best candidate. Optimal choices define the trading rules used as input 

variables in the artificial neural network. The architecture of the network is being 

defined by the hv-cross validation method for dependent variables (Racine, 2000). 

Target variables are the daily returns of the same dataset used at the previous chapter. 

Finally we assess the predictability of the network from two different perspectives. 

First we examine if there is a linear relationship between target and predicted 

variables and secondly if the network is able to predict changes in the directions of 

returns regardless of their size. Our results corroborate the main findings reported in 

the previous chapter. 

Part IV includes the conclusions of this thesis, an Appendix and the 

corresponding bibliography. Regarding conclusions, a summary of our main 

contributions to academia and the finance industry in general is also provided, along 

with a discussion of directions for further work. Appendix presents the proposed 

identification methodology for five additional “zig-zag” technical patterns; flags, 

pennants, wedges, triple tops/bottoms and double tops/bottoms.  

 

1.3 Contributions 

 
The main contribution that this thesis makes to the current state of the art, is the 

development of novel, rule-based recognizers and the enhancement of already existed 

ones, for the identification of a bundle of well known technical patterns. Particularly, 

we present identification mechanisms for Horizontal Support and Resistance (HSAR) 

levels, Head and Shoulders (HS), Rounding Bottoms/Tops (RB/RT), Flags, Pennants, 

Wedges, Triple Tops/Bottoms (TT/TB) and Double Tops/Bottoms (DT/DB) technical 

patterns, for all their variations (either normal or inverse forms). 

Although this is not the first published effort to quantify these technical 

patterns, we believe that our proposed methodologies outperform other, already 

existed ones under the following perspectives. A variety of nonlinear techniques used 
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for the same purpose face two main limitations: the time frame selection and the input 

specification. Regarding the first one, our proposed recognizers are able to identify 

the aforesaid patterns regardless their size, whereas in most nonlinear techniques the 

user has to pre-specify the size of the window, for the identification of the pattern. 

This is mainly achieved by examining, if sequences of regional locals fulfill specific 

criteria instead of looking if a part of a price series with a particular size resembles a 

pattern. However in some cases (e.g. HSAR) this process is computationally 

expensive. 

The input specification problem has to do with the manner the recognizer is 

being trained to identify accurately technical patterns. “Proper” patterns should be 

found ex-ante, in order to train each system and this is a process that may embed 

subjectivity. Thus in order to train a nonlinear system (e.g. an artificial neural 

network) for technical pattern recognition we need to already assemble a relative large 

training dataset with correctly identified patterns. Paradoxically, the pattern 

recognition process is a prerequisite for the pattern recognition through such nonlinear 

techniques. However, the latter can be used for purposes of reducing computation 

expensiveness, or assessing jointly the performance of technical patterns‟ assembles. 

The design of the necessary criteria used in our proposed methodologies 

pattern identification, is based on conventions of technical analysis, as reported in a 

variety of technical manuals. These conventions mainly describe the identification of 

the aforementioned patterns via visual assessment, a process which is usually being 

criticized for its subjective nature. Therefore, the proposed automatic recognizers may 

extract this subjectivity and enable us to proceed further, to the evaluation of the 

predictability of these technical patterns, first individually and subsequently jointly.  

By focusing on each examined pattern individually this thesis contributes in the 

following areas. In the case of HSAR levels, the vast majority of the existed 

bibliography identifies these levels from the lowest or highest price levels of 

precedent constant time periods. On the contrary, in our proposed methodology we 

consider a number of historical locals for the detection of these levels, rather than 

considering only individual regional locals. The criteria mentioned for the HS pattern 

recognition are not new, but we enriched them in order to identify all the four 

different variations of the pattern. Finally, in the case of RB/RT, our proposed 

recognizers capture the necessary circular characteristics of these patterns. 
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Quantifying these circular characteristics is considered a difficult task to implement, 

and this is the main reason why bibliography for this pattern is very limited. 

After the successful identification of the examined patterns we assess the 

generalised efficacy of TA by including in our universe of trading rules simple 

technical indicators. By this manner, we extend the methodology presented in (Brock, 

et al., 1992) and we use ordinary statistical tests (Student‟s t-tests and Bernoulli 

trials), and bootstrapped statistical tests for this generalised assessment. Subsequently, 

we re-examine the efficacy of technical analysis by using artificial neural networks. In 

this part, our effort is to simulate the trading behaviour of a technician. We proposed 

an ANOVA-based parameter optimization process, for the selection of optimal 

parameter combinations used for the calculation of technical indicators and the 

identification of technical patterns. 

Our empirical findings either corroborate already reported ones, or in some 

cases they are new. Selectively, we briefly mention some of the most important: 1) 

Technical patterns were successfully identified in stochastically generated price paths. 

Thus, it is reasonable to expect their appearance in real price series too. 2) When the 

HS pattern was implemented on randomly generated price series, frequencies of 

observations, and returns‟ characteristics were similar with those observed in real 

price series. 3) Generally, our results are in favour of EMH. 4) Indications of market 

inefficiencies (if any) were more profound in the earlier sub-periods of our examined 

datasets, but not in recent years. 5) Indications in favour of TA (if any) were observed 

when shorter holding periods were used. 6) Technical trading rules may successfully 

predict trend reversals, trend continuations or the sign of future returns, but they fail 

to generate systematically, statistically significant excess returns. The latter finding, if 

combined with a variety of cognitive biases included in investors‟ decision making 

processes, may reason for the apparent wide-spread implementation of technical 

analysis within the everyday trading and investment activities of practitioners. 

We believe that the proposed, technical pattern recognition methodologies, 

either in their current status, or enhanced, can have practical and valuable implications 

in the academia and financial industry in general. Regarding implications to academic 

community, the proposed recognizers can be used jointly, with other explanatory 

variables, in more sophisticated expert systems for testing the EMH, in a more 

comprehensive and robust manner. Regarding the industrial implications, software 

programs (or packages) of technical analysis can include these recognizers in the 
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bundle of all other technical indicators they provide within their services. Finally, 

practitioners may include these trading rules within their investment and trading 

activities, after assessing their performance individually, enhancing them (if 

necessary), or modifying them according to their idiosyncratic needs.  

 

1.4 Summary 

 
In this chapter we presented subsequently our main motivations, the scope, an 

overview and the main contributions to the academia and financial industry in general 

of this thesis. As we already mentioned, although the bibliography on testing the 

efficacy of technical analysis and the validity of the weak form EMH is massive, little 

has been done regarding the evaluation of technical patterns. The subjective nature of 

a technical pattern identification process via visual assessment, the difficulty that lies 

in setting precise criteria for the identification of those patterns, and practical 

limitations in the statistical processes that evaluate generated returns may provide a 

good reasoning for this dismal size of the bibliography regarding this area. In this 

thesis we address the aforementioned problems, by developing unbiased recognizers 

for technical patterns, and subsequently proceeding in the evaluation of their 

performance, both isolated and jointly, with a number of statistical tests that capture 

distributional characteristics of financial assets‟ returns. We believe that this thesis 

contributes significantly to the academia and the financial industry in general. 
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PART I: BACKGROUND OF EFFICIENT MARKET 

HYPOTHESIS 

 
This part provides the main theoretical background of this thesis, starting with the 

description of the Efficient Market Hypothesis (EMH) and gradually focusing on 

technical analysis and particularly on technical patterns. Chapter 2, describes the three 

main forms of EMH, and subsequently presents theories and concepts closely related 

to it. Chapter 3 focuses on the random walk 2 model and centers attention to technical 

analysis and particularly to technical patterns. A more detailed overview of this part 

and its chapters is being provided in Section 1.2. 
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CHAPTER 2 

EFFICIENT MARKET HYPOTHESIS AND 

INTERLACED TERMS 

 

 

2.1 Introduction 

 
In this chapter we present the framework of Efficient Market Hypothesis (EMH) 

along with a variety of related topics. After the official introduction of the EMH in the 

late of 70‟s, this theory gained much attention by the academia and currently, studies, 

articles, surveys and books referring to it are numerous. According to this hypothesis, 

a market, for a specific time period, is efficient if prices fully reflect all available 

information. This means that no one can achieve systematically abnormal returns 

based on an available set of information. This statement combined with the innate 

willingness of mankind to forecast the future resulted in this extensive bundle of 

articles which test the validity of this hypothesis. 

However any attempt to test the EMH, should be accompanied by a jointly test 

for the consistency of the model used for the calculation of normal returns and this is 

known as the “joint hypothesis problem”. Another hypothesis aligned with the EMH 

is the random walk. In this thesis we focus on technical analysis which is used as an 

economic test for the second variant of random walk hypothesis. Although EMH 

seems to hold, there are some apparent “market anomalies” which imply opportunities 

for abnormal returns. Most explanations, given by researches which use models 

assuming rationality in investment activities, provide only a part of the reasoning for 

the existence of these anomalies. With a purpose to deal with this problem, a new 

field of economics known as behavioral finance provides further explanations 

accounting for psychological factors and irrationality. Additionally, in this thesis, we 

are going to use some of the main biases reported in behavioral finance, to explain the 

apparent, wide use of technical analysis by practitioners, although generally, there is 

no robust, consistent evidence in favour of it. 

The rest of this chapter is organised as follows. Section 2.2 presents the 

Efficient Market Hypothesis framework. Section 2.3 describes the random walk 
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hypothesis, with the breakdown of it to the three versions RW1, RW2 and RW3. 

Section 2.4 presents the relevant market anomalies which challenge the weak form 

EMH, along with the corresponding literature review. Section 2.5 describes the joint 

hypothesis problem. Section 2.6 exhibits some of the main cognitive biases that affect 

the way investors act
3
 and finally section 2.7 provides a summary. 

 

2.2 Efficient Market Hypothesis 

 
It can be argued that the necessity to observe, interpret, explain, and predict is a 

diachronic characteristic of mankind. During the last century, on the basis of financial 

markets, the same feature can be found in the man‟s effort to explain how financial 

products‟ prices evolve. Such an attempt can be marked out back in the five-years 

empirical research of Cowles (1933) who analysed statistically the forecasting efforts 

of 45 professional agencies when they were called either to select the most profitable 

stocks or foretell the future evolution of the market. 

During the last decades the concept of EMH is one of the major themes, 

strongly debated by the academic community. Its origins can be traced in 1900 

(Bachelier, 1900) in the (as it is referred in (Fama, 1970)) ignored for sixty years 

contribution of  Bachelier who supported that speculation should be a “fair game”. 

Similar statement can be viewed in the title of (Samuelson, 1965) "Proof that Properly 

Anticipated Prices Fluctuate Randomly". 

EMH asserts that current market prices reflect the assimilation of all the 

information available. In other words, given the available information set, there can 

be no predictions of the future evolution of prices. Efficiency deals also with the time 

that new information needs to integrate to market prices. In a market where EMH 

holds, new information incorporates immediately to current market prices and adjusts 

them to “fair” levels. The decade of 70‟s is considered the starting point in the modern 

economic literature of the EMH with the article of Fama (1970) who states that a 

market in which prices always “fully reflect” available information is called 

“efficient”. The mathematical groundwork though, had been forth earlier presented in 

(Mandelbrot, 1966). EMH asserts that market prices fully reflect all the information 

available, and thus it is unfeasible for someone to realize systematically, statistically 

                                                             
3
 The presented biases, is a selection of the most representative biases which are going to be 

used further to this thesis. 
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significant abnormal returns. Fama expresses this stochastic behavior of market prices 

as: 

 

𝐸 𝑃 𝑗 ,𝑡+1 𝛷𝑡
  = [1 + 𝐸 𝑟 𝑗 ,𝑡+1 𝛷𝑡

  ]𝑃𝑗 ,𝑡  (2.1) 

 

where Pj,t is the price of security j at time t; rj,t+1 is the one-period arithmetic return 

(Pj,t+1- Pj,t/ Pj,t); Φt is the information set that is assumed to be “fully reflected” in the 

price at time t; and the tildes indicate a random variable. On the basis of equation 

(2.1), Fama states that this rules out the possibility of trading systems based solely on 

information set Φt that have expected profits or returns in excess of equilibrium 

expected profits or returns. Quantitatively this is: 

 

𝐸 𝑧 𝑗 ,𝑡+1 𝛷𝑡
  = 0 (2.2) 

 

where zj,t+1 is the difference between the observed price (or return) and the expected 

value of the price (or return) of security j, that was projected at time t on the basis of 

the information set Φt. In other words the sequence {zj,t} is a “fair game”
4
 pertaining 

to the information sequence {Φt}. Due to (Roberts, 1967), Fama identifies three 

different forms of efficiency (weak, semi-strong and strong form) regarding three 

different subsets of available information sets. Denote them as  𝛷𝑡
1  for historical 

prices,  𝛷𝑡
2  for publicly available information and  𝛷𝑡

3  for private information.   

 

Historical Prices  𝜱𝒕
𝟏  and Weak Form Efficient Markets 

 

When market prices “fully reflect” historical prices
5
 then the market is weak-form 

efficient. This means that no investor can achieve systematically abnormal returns by 

using the information included in historical prices. The term “systematically” is 

necessary in the previous statement so as to exclude the cases where an investor can 

“beat the market” by chance. In a weakly efficient market, technical analysis and 

every trading strategy based solely on historical prices embeds no predictive power. 

 

                                                             
4
 See martingale model (section 2.3.1) 

5
 In addition to historical prices, variables like dividend yields and interest rates were added to 

this subset of information in (Fama, 1991) 
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Public Available Information  𝜱𝒕
𝟐  (Earnings Announcements, Stock Splits etc.) 

and Semi-Strong Form Efficient Markets 

 

This information subset is used to decide if a financial market can be characterized as 

semi-strong form efficient or not. This form of efficiency includes the weak-form, 

which means that when a market is semi-strong efficient it must be also weak-form 

efficient, while the reverse does not necessarily hold (Fig. 2.1).  In addition, if a 

market is semi-strong efficient the potential implications of publicly available 

information are already reflected in market prices. Thus, neither technical analysis nor 

fundamental analysis is worth to trust for investment and trading decisions. 

 

 

Figure 2.1: Venn diagram presenting the relationship between the three forms of EMH. In 

addition it is being illustrated the corresponding subset of information used for the forms‟ 
identification. 

 

Private Information  𝜱𝒕
𝟑  and Strong Form Efficiency 

 

This subset of information refers to the inside (not publicly available) information and 

the special information that investors can extract by their own analysis. In a strong 

form efficient market no one can realize systematically excess returns by taking 
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advantage of any subset of information, private or publicly available. In Fig. 2.1 it is 

obvious that this case of efficiency is the wider of all and includes both the 

aforementioned forms of efficiency. 

 

2.3 Random Walks and Martingales 

 
Random walk hypothesis and martingale models are closely related with the EMH. In 

gambling theory a martingale model characterizes a “fair game” where chances of 

winning are neither in our favour nor ours opponents. The “fair game” model for a 

weak form efficient market implies no predictability for futures returns (or prices), 

and constitutes the basis on which the random walk models are being erected. This 

section provides a description of these two, closely related concepts. 

 

2.3.1 The Martingale Model 

 
As we already mentioned in the previous section, in a weak form efficient market, no 

trading system based on historical observations can predict future price changes in an 

accurate manner. In probability theory, this statement is enclosed in the martingale 

model. Quantitatively a martingale model is a stochastic process which fulfills the 

following conditions: 

 

𝐸 𝑃𝑡+1| 𝑃𝑡 ,𝑃𝑡−1 ,𝑃𝑡−2 ,⋯ = 𝑃𝑡  (2.3) 

 

or, equivalently, 

 

𝐸 𝑃𝑡+1 − 𝑃𝑡| 𝑃𝑡 ,𝑃𝑡−1,𝑃𝑡−2 ,⋯ = 0 (2.4) 

 

A martingale is thus a sequence of random variables {Pt} for which at a 

specific time t in the realised sequence, the next value‟s expectation (E[Pt+1]) equals 

with the current observed value, conditioned on all preceding observed values 

(equation 2.3) Equivalently, the expectation for a subsequent future price change 

equals with zero (equation 2.4). In gambling theory, a martingale process represents a 

“fair game” where chances of winning are neither in our favour nor ours opponents. If 

we consider Pt as the price of a financial asset at time t, equations 2.3 and  2.4 imply 

that the best expectation of tomorrow‟s price (or price change) is today‟s price (or 

zero) given the historical price path. 
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However, the martingale model does not consider risk-premiums embedded in 

price returns. Campbell, Lo, & MacKinlay (1997, p. 31) quote: “… if an asset‟s 

expected price change is positive, it may be the reward necessary to attract to hold 

the asset and bear its associated risks. Therefore … it has been shown that the 

martingale property is neither necessary nor a sufficient condition for rationally 

determined asset prices”. Even so, the martingale model had been the cornerstone on 

which the random walk hypothesis was build. 

 

2.3.2 The Random Walk Hypothesis 

 
Three are the most celebrated versions of the Random Walk (RW hereafter) 

hypothesis in the bibliography dubbed RW1, RW2 and RW3. Random walk models 

describe the manner that financial price series evolve and these three models differ in 

the assumptions underlying the corresponding model‟s increments. As we proceed 

from the first to the last model these assumptions are being relaxed gradually, 

providing each model a wider nature compared to each previous. Thus, using set 

theory‟s terminology we could state that: 

 

RW1 ⊆ RW2 ⊆ RW3 (2.5) 

 

When adjusted to financial assets‟ price series, the first version (RW1) is given by the 

following equation: 

 

𝑝𝑡 = 𝜇 +  𝑝𝑡−1 + 𝑒𝑡 ,           𝑒𝑡~𝐼𝐼𝐷(0,𝜍2)  (2.6) 

 

Here the natural logarithm of prices (pt ≡ ln Pt) is defined by the sum of a 

constant (μ), the natural logarithm of the prior observed price pt-1 and a random shock 

et.
6
 Constant expresses the expected return of the random variable (or drift rate) and 

increments are independent and identically distributed (IID) with a mean of zero and 

variance σ
2
. 

A wider version of RW1 is the RW2, which results by relaxing the prior 

assumption that residuals are identically distributed. By this manner, the model 

represents the evolution of real price series in a more efficient way since it allows for 

                                                             
6
 We use the natural logarithm of prices instead of the actual prices, because in the latter case, 

when we assume normal distribution for the variable Pt, there is always a positive probability 

to observe a negative price, which is impossible in real life. 
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unconditional heteroskedasticity. Financial asset‟s return series embed this 

phenomenon, while they exhibit time-varying volatility clustering. Thus, under the 

RW2 framework equation 2.6 becomes: 

 

𝑝𝑡 = 𝜇 +  𝑝𝑡−1 + 𝑒𝑡 ,            𝑒𝑡~𝐼𝑁𝐼𝐷(0,𝜍2) (2.7) 

 

Finally an asset‟s return series is said to follow a RW3 when increments are 

dependent (i.e.𝑐𝑜𝑣 𝑒𝑡
2, 𝑒𝑡−𝑘

2  ≠ 0 𝑓𝑜𝑟 𝑠𝑜𝑚𝑒 𝑘 ≠ 0) but uncorrelated (𝑐𝑜𝑣 𝑒𝑡 , 𝑒𝑡−𝑘 =

0 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑘 ≠ 0).
7
 

Several methods have been proposed in the bibliography to test the RW 

hypothesis (see chapter 3). In this thesis we focus on technical analysis, which is 

considered a powerful tool to perform an economic test of RW2 hypothesis and thus 

the weak form EMH. 

 

2.4 Market Anomalies 

 
Although empirical evidences  generally suggest that trading strategies based solely 

on historical prices do not yield consistently, statistically significant profits, in the 

early 1980s, researchers discerned a number of  market “anomalies” that seemed to 

offer investors the opportunity to do so. As already mentioned, in this thesis we focus 

on the assessment of the weak form EMH, and thus we are going to briefly present 

only market anomalies that are against the first type of EMH.
8
 These “anomalies”, are 

also quoted in bibliography as “Seasonalities” or “time patterns”, and imply that 

market price fluctuations are depended on specific seasons of the year, days of the 

week, intraday time spans, or generally on specific time periods. The most celebrated 

                                                             
7
 For a more detailed and comprehensive description of random walk hypothesis versions, see 

(Campbell, et al., 1997). 
8 Existed bibliography for each calendar effect is voluminous. Thus, for brevity reasons, we 

are going to present a selective bibliography of each theme. In addition, there is a plethora of 

other observed market anomalies which correspond to the other two forms of EMH: For 

example the value effect, size effect, neglected-firm effect, price-to-earnings-to growth ratio 

effect, IPO effect, Index-change effect, Wall Street analyst forecasts, overreaction and 

underreaction, stock buybacks, spin-offs effects, and stock splits and reverse splits are 

anomalies against the semi-strong form of EMH. Insider-traders and specialists tests are 

proposed tests to examine the existence of strong form anomalies. For a comprehensive 

literature review of the aforementioned anomalies we suggest (Chincarini & Kim, 2006; 

Elton, Gruber, Brown, & Goetzmann, 2003; Smart, Megginson, & Gitman, 2004).   
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(to the best of our knowledge) “weak-form” market anomalies are classified into the 

following four categories: “intraday”, “Day-of-the-week” and ” Monthly” patterns. 

 

2.4.1 Intraday Patterns and Day-of-the-Week Effect 

 
A variety of surveys has examined if financial assets‟ returns, returns‟ volatility and 

volume of transactions within a trading day exhibit specific patterns. For example, 

Harris (1986) observed that most of the decline observed on Mondays occurred during 

the first 45 minutes whereas returns on other days of the weeks rose mostly on the last 

30 minutes of the trading day. In addition, Fan and Lai (2006) observed in 429 

Taiwan stocks, for the years 2000-2001, that intraday trading volume and return 

volatility present an inverse J-shaped pattern. Similar patterns were also detected and 

reported in other studies (Abhyankar, Ghosh, Levin, & Limmack, 1997; Hamao & 

Hasbrouck, 1995). 

Among other market anomalies, it has been also, extensively examined if 

returns differ in various days of the week. For example, Cross (1973) examined price 

changes of the S&P composite for the period 1953 through 1970, and he observed that 

the relationship between price changes on Monday and price changes on Friday was 

significantly different from the relationship between price changes on other 

successive trading days. Gibbons and Hess (1981)  discovered that expected returns 

on common stocks and treasury bills were not constant across days of the week. To be 

more precise, returns on Mondays were negative (-33.5% on an annualized basis) and 

much lower than other days of the week. Other studies provide similar evidences 

regarding these distributional differences in returns across days of the week (French, 

1980; Keim & Stambaugh, 1984; Lakonishok & Levi, 1982; Mazumdera, Chub, 

Millerc, & Pratherd, 2008; Rogalski, 1984). Finally, the day of the week effect  is not 

confined only to returns but it has been also observed in returns‟ volatility (Charles, 

2010) and volume of transactions (Kiymaz & Berument, 2003).  

Taylor (2008)  states that these distributional differences on Monday returns 

might be attributed to the wider time spans preceding Mondays compared with those 

preceding other days of the week. During weekends (or more specific from Friday‟s 

close to Monday‟s open) more information can appear and this may affect trading 

behaviors on Mondays and thus Mondays‟ means and volatilities of returns. However,  

a variety of studies suggest that this effect has been gradually faded out after the 
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1990s‟ (Basher & Sadorsky, 2006; Kamath & Chusanachoti, 2002; Kohers, Kohers, 

Pandey, & Kohers, 2004) due to significant improvements in market efficiencies over 

time, or after accounting for conditional market risk. 

 

2.4.2 Monthly Effects: The January Effect 

 
Another celebrated empirical finding is the so-called “turn-of-the-year” or January 

effect, which shows that returns realized during this month are considerable higher 

than returns of other months of the year.
9
 Rozeff and Kinney (1976) provided the first 

empirical study for this effect on US stocks. Since then, this “market anomaly” gained 

considerable attention from academia and the investment community. This effect is 

found to have a greater magnitude particularly on small firms (Fama, 1991). More 

specifically, for the examined period 1941-1981, S&P500 stocks presented an average 

monthly return of 1.342% whereas CRSP
10

 stocks realised 8.06%. Both figures are 

greater than other calendar months‟ average monthly realised returns, but Januarys‟ 

performance was profoundly better. It is worth to mention though, that the January 

effect for the last decade of the examined period was less pronounced. 

The aforementioned effect was studied extensively and the relevant 

bibliography is voluminous. Except from studies that examine this effect on US 

stocks (Agnani & Aray, 2011; Keim, 1983) a variety of studies have been carried out 

for a variety of stock markets.
11

 Finally, there are also many empirical studies which 

examine the existence of this effect in markets with financial instruments different 

than stocks. For example, Al-Khazali (2001) and Starks, Yong and Zheng (2006) 

examined the effect on bond markets while Rendon and Ziemba (2007) found 

evidence for future markets.  

Similar with other “market anomalies”, several theories have been developed 

in an effort to explain the existence of the January effect. Initially, January effect had 

                                                             
9
 Another anomaly associated with this month is the so-called “Other January effect” or 

“January barometer”, according to which returns realised during January are useful predictors 

for the returns of the remaining months of the year (Bohl & Salm, 2010; Cooper, McConnell, 

& Ovchinnikov, 2006). 
10

 For information regarding the composition of the value-weighted Center Research in 

Security Prices (CRSP) small-stock portfolio see (Fama, 1991).  
11

 Indicatively, Kato and Schallheim  (1985) provided evidence for the Tokyo stock exchange, 

Hillier and Marshall (2002) for the UK, Galariotis (2004) examined emerging markets in 

Europe and Gultekin and Gultekin (1983) examined a variety of markets around the world. 
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been connected with the small firm effect. In addition, taxation impacts consists a 

further explanation (Chen & Singal, 2004; Elton, et al., 2003). Investors liquidate 

portfolios for which significant losses have been incurred before the end of the year, 

in order to take advantage of a tax loss. This selling activity at the end of the year 

pressures prices to decline. Proceeds are being invested again at the beginning of the 

New Year, and thus prices rise again due to the high demand. Haugen and Lakonishok 

(1988) state that portfolio manager behavior around the turn of the year, may be the 

main reason for the existence of the January effect. More specifically, the effect may 

result from window dressing or performance hedging. Managers, prior the year end, 

usually recompose their portfolios by replacing stocks with large losses with good 

performing stocks, in order to improve the appearance of the fund performance prior 

to its presentation to clients or shareholders. This strategy is known as window 

dressing. On the other hand, performance hedging is the strategy followed by 

managers, according to which, they sell risky stocks prior to the year end, when they 

have already fulfilled their performance targets in order to receive their bonuses. With 

the New Year, after bonuses had been paid, they invest back to their risky positions. 

Cheng-few, Porter and Weaver (1998) suggest that the hypothesis of window dressing 

is less likely than the one of performance hedging. In addition, Keim (1989) offers a 

bid-ask spread explanation for part of the January effect, and Kim (2006) claims to 

have found a better explanation for the abnormal returns observed during January 

which is based on information uncertainty. 

 

2.5 The Joint Hypothesis Problem 

 
As it is already mentioned a market is inefficient when an investor can achieve 

systematically excess returns (or abnormal return) by using a trading system (or 

strategy) conditioned on specific information set {Φt}. These excess returns result by 

comparing trading returns with “normal returns”. Normal returns (or equilibrium 

returns) are being computed with equilibrium models (Capital Asset Pricing Model – 

CAPM,
12

 Arbitrage Pricing Theory - APT, Factor models etc). Excess returns can be 

calculated by subtracting the normal returns from the actual returns. Forecasted 

                                                             
12

 There are various forms of the CAPM in the literature. The simplest form is the standard 

CAPM, which is also used in the next example. For other forms of CAPM see (Elton, et al., 

2003). 
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abnormal return can be estimated with the corresponding available information set. If 

abnormal returns behave in a “random” way then the EMH seems to hold. The 

rationale to state “seems to hold” lies in the words of Fama (1991, p. 1576) who 

quotes that we can only test whether information is properly reflected in prices in the 

context of a pricing model that defines the meaning of “properly”.This is the known 

to the academic literature joint hypothesis problem. An EMH test is an equilibrium 

model test at the same time.  

For example the standard CAPM model is given by the following equation: 

 

𝐸(𝑅𝑖) = 𝑅𝑓 + 𝛽𝑖[𝐸 𝑅𝑚  − 𝑅𝑓]) (2.8) 

 

where the expected or equilibrium return (E(Ri)) of financial asset i equals with the 

risk free rate (Rf) plus the market risk premium (E(Rm)-Rf) multiplied by the beta 

coefficient (βi) of the asset i. 

The CAPM primarily developed by Sharpe (1964) and Lintner (1965) 

computes the equilibrium price of a security within the framework of the mean-

standard deviation frontier developed by Markowitz (1952). Equation 2.8 requires 

observed returns from the market portfolio, which is rather a theoretical portfolio 

comprising all financial, risky assets. Therefore the exact composition of this portfolio 

is unobservable, and in practice we use proxies, like market indices, instead. Roll 

(1977, p. 130) mentions that the unobservablility of the market portfolio makes the 

CAPM untestable. In exact words he states that “the theory is not testable unless the 

exact composition of the true market portfolio is known and used in the tests”. Thus, 

the excess returns calculated for the EMH test are not uncontradictable, and this 

makes the efficiency test also untestable. Another point that it should also be 

considered is the assumptions on which an equilibrium models is based. The 

inappropriate or the unrealistic assumptions that an equilibrium model has, might 

bring the joint hypothesis problem into light when this equilibrium model is used in 

an EMH test. 

Arbitrage Pricing Theory (APT) is another celebrated equilibrium model 

which is used for the determination of financial asset prices (Ross, 1976). The basic 

notion behind this model is that two identical products must be also equally priced. 

Generally the necessary assumptions for the development of this model are that there 

are no arbitrage opportunities, returns on risky financial assets can be described by a 
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multi factor model, markets are frictionless and diversifiable risk does not exists. The 

expected return of a financial asset i is given by the following equation: 

 

𝐸 𝑅𝑖 = 𝑅𝑓 + 𝛽1,𝑖𝑅𝑃1 + 𝛽2,𝑖𝑅𝑃2 + ⋯+ 𝛽𝑗 ,𝑖𝑅𝑃𝑗  (2.9) 

 

where E(Ri ) is the expected return of a risky financial asset i; Rf is the risk free rate; 

βj,i is the assets sensitivity to the risk factor j and RP1 is the risk premium over the risk 

free rate associated with the macroeconomic risk factor j.  

The APT model deals with the problem of CAPM, since it does not require to 

identify the market portfolio. However, it is not specified what the underlying 

macroeconomic risk factors are, whereas CAPM collapses all the macroeconomic 

factors into the market portfolio. The general conclusion from this brief analysis is 

that equilibrium models used for the calculation of excess returns suffer from 

considerable, theoretical and practical limitations. The outcome of this is the joint 

hypothesis problem, according to which, while testing the efficiency of a market we 

should test simultaneously the suitability of the equilibrium model. Otherwise, we 

cannot be sure about the robustness of our experimental conclusions. For example, 

assume that for a given time period, market and information set we conclude that the 

market under examination is inefficient. This could mean that the market is truly 

inefficient, or that the market is efficient, but limitations in the equilibrium model 

used for the calculation of excess returns, affected our results and signified the market 

misleadingly as inefficient. 

 

2.6 Behavioral Finance 

 
The EMH has been for a long time a logical and consistent framework describing how 

market prices evolve. The majority of empirical evidences, which are in favour of it, 

are conductive to its dominant position in the academia. On the contrary, there are a 

sufficient large number of surveys, which challenge EMH. Minor or major in 

magnitude, market anomalies are apparent and this constitutes markets to be less than 

perfect efficient. Since researches failed so far to fully explain the presence of such 

anomalies with models that assume rationality in investors‟ trading activities, a new 

field of economics known as behavioral finance provides further explanations 

accounting for psychological factors and irrationality. 
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Bibliography provides numerous types of cognitive biases which affect the 

manner investors act (Chincarini & Kim, 2006; R. Haugen, 1999; Shleifer, 2000). In 

this part of the thesis we are going to present only a selection of the biases mentioned 

in the bibliography. Behavioral finance can be used not only for purposes of providing 

explanations on the existence of market inefficiencies but also to answer the following 

question: If technical analysis has no predictive power in a market, then why investors 

keep using it within their investment decisions? Behaviour finance can thus provide 

explanations for such irrationalities embedded in investors‟ decision making 

processes.   

Firstly, in laboratory experiments, subjects are often reported to have been 

searching for patterns in purely random sequences of stock prices. De Bondt (1998) 

noted that technical analysis was similar to the fact that many investors see patterns 

where there are none. This is known as “clustering illusion”. Gilovich (1993) states 

that the significance of this insight “lies in the inescapable conclusion that our 

difficulty in accurately recognizing random arrangements of events can lead us to 

believe things that are not true and to believe something is systematic, ordered, and 

„real‟ when it is really random, chaotic, and illusory”. In addition he asserted: “We 

are predisposed to see order, pattern, and meaning in the world; we find randomness, 

chaos, and meaninglessness unsatisfying. Human nature abhors a lack of 

predictability and the absence of meaning”. The above statements may, at least 

partially, explain the general acceptance of technical patterns by many practitioners 

without even considering the efficacy of such patterns at all. 

In a bundle of surveys, it is being reported that humans tend to be 

overconfident. Overconfidence implies that the majority of investors, thinks that is 

superior to the average investor, which is of course impossible to happen. This bias 

increases the frequency of investors‟ trading, and thus increases transaction costs. 

Chincarini & Kim (2006) state that this bias is closely related with other two biases: 

Self-attribution bias and hind-sight bias. According to the first one, a person attributes 

a success to his/her own skills (or talent) whereas he puts the blame to other people or 

conditions when a failure occurs. The hind-sight bias or else “I-knew-it-all-along” 

effect is the inclination to see past events as being predictable. This bias is closely 

linked with the confirmation bias which is the tendency to give emphasis on 

information that confirms rather than information that contradicts one‟s originally 

beliefs. 
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Another cognitive bias which violates the normative rules of investment 

behaviour is the so-called “neglect of probability” bias. This bias captures the 

tendency of totally ignoring probabilities when making investment or trading 

decisions. It is worth to mention that whereas with hind-sight bias we actually misuse 

or misinterpret probabilities in decision making, with this bias we totally disregard 

probabilities when deciding. 

Bibliography presents a bundle of surveys regarding the predictability of 

technical analysis (see section 3.4). Results are generally in favour of EMH. However 

an important number of published articles suggest that conditioning time periods and 

markets, specific patterns or technical indicators seemed to generate excess returns. 

But in general, no consistent profitability for specific technical tools is found, or at 

least published in the bibliography, for a relative large time period. Having this 

puzzling performance of technical analysis, we cannot reasonably justify the great 

extent to which technical analysis is being incorporated in investment decisions and 

the attention it gained throughout these years. The identification of patterns presented 

in technical analysis is too subjective, and the same stands for the interpretation of the 

returns generated by both technical patterns and indicators. The aforementioned 

biases may be used to explain a part of this irrational excess impact of technical 

analysis to academia and industry.  

 

2.7 Summary 

 
In this chapter we set the first level of the theoretical background of this thesis by 

providing descriptions of the concepts interlaced with the EMH. After describing its 

three forms, we proceeded in the description of the random walk hypothesis which is 

a set of models aligned with the EMH. Although the above hypotheses imply no 

opportunities for achieving systematically, abnormal returns in a financial market, the 

existence of a variety of market anomalies reported by a number of studies suggest the 

opposite. Parts of this puzzling, persisting, existence of these anomalies was explained 

either by models assuming rationality in investment activities or by behavioral 

finance. Principles found in the latter can be used for interpreting investment activities 

of technicians, which in some cases seem to be irrational. Finally we described the 

joint hypothesis problem, which is a crucial barrier in most attempts of testing the 

validity of EMH. 
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After setting this wide theoretical background, we are going to focus in the 

first form of the EMH (weak form) and in the next chapter we are going to present 

two of the most celebrated tools used for an economic test of RW2; filter rules and 

technical analysis. 
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CHAPTER 3 

WEAK FORM MARKET EFFICIENCY TESTS 

 

 

3.1 Introduction 

 
In this chapter we center our attention to the weak form EMH and the RW2 model. 

The latter, as already mentioned in the previous chapter, results by relaxing the 

residuals‟ assumptions of RW1 in order to allow for unconditional heteroskedasticity 

in financial assets‟ returns. Filter rules and technical analysis are considered as 

economic tests for the RW2 and thus for the weak form EMH. After providing a brief 

description of these two tests along with some representative empirical evidences, we 

spot the subjective nature of technical analysis in the identification and interpretation 

of technical patterns. 

Since one of the main contributions of this thesis is the extraction of this 

subjectivity, we subsequently proceed to a description of the technical patterns for 

which the second part of this thesis proposes novel, automatic identification 

mechanisms. At the end of this chapter we provide empirical results reported for the 

identification and the performance of these patterns. This chapter actually sets the 

second level of the theoretical background for this thesis before we proceed to the 

subsequent empirical parts. 

The remainder of this chapter is organized as follows. Section 3.2 focuses on 

the two main tools considered as economic test for RW2; filter rules and technical 

analysis. Section 3.3 presents a bundle of celebrated technical patterns for which in 

the succeeding chapters we are going to present our proposed identification 

methodology. Section 3.4 presents the corresponding empirical evidences for these 

patterns and finally section 3.5 provides a summary. 

 

3.2 Tests of Random Walk 2 

 
Campbell, et al. (1997) present a very interesting taxonomy of various tests regarding 

each type of RW. More concrete, they indicate ordinary statistical tests, sequences 

and reversals, and runs as test for the RW1, filter rules and technical analysis for RW2 
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and autocorrelation coefficients, portmanteau statistics, variance ratios and long 

horizon returns for RW3.
13

 In this thesis, we focus on Technical analysis which is 

considered an “economic” test of the RW2 hypothesis. For this reason after a brief 

description of filter rules we proceed with the description of Technical analysis, its 

main tools and limitations and center our attention to technical patterns. 

 

3.2.1 Filter Rules 

 
Filter rules were initially proposed by Alexander (1961) with the purpose to 

identify and catch significant trends in financial assets‟ prices. A x% filter rule implies 

long positions after prices increase by x% and short positions when prices drop by 

x%.  Results reported in that study were against EMH, since filter rules were superior 

to buy-and-hold strategies when applied on Dow Jones and Standard & Poor‟s stock 

indices. Subsequent studies (Alexander, 1964; Fama, 1965; Fama & Blume, 1966) 

illustrate that filter rules do not yield abnormal returns after considering transaction 

costs. Indications of excess returns did exist when small filters were applied, but as a 

consequence, these excess returns vanished after considering trading costs resulted by 

the high frequency trading. 

In (Leuthold, 1972; Stevenson & Bear, 1970), when filter rules applied on 

commodity futures they yield high rates of returns. However, Taylor (2008, pp. 200-

201) notes that empirical results similar to those mentioned previously, cannot refute 

market efficiency for the examined commodity futures because there are three main 

problems to deal with (Benchmarks, Significance and Optimization). 

Although in earlier years filter rules were examined individually, as separate 

trading rules, in more recent surveys they consist parts of wider universes of trading 

rules tested (Falbo & Cristian, 2011; Ben R. Marshall, Rochester H. Cahan, & Jared 

M.  Cahan, 2008a; R Sullivan, Timmermann, & White, 1999). Such studies usually 

test a set of numerous simple trading rules including, filter rules, moving averages, 

supports and resistances and channel breakouts. 

However, filter rules are being also used as additional, necessary conditions 

for filtering and confirming signals of other technical trading rules. Especially in the 

case of short term trading rules, when they are implemented, they usually generate 

                                                             
13

 For a more detailed description of the tests for RW1 RW2 and RW3 hypothesis, and a 

comprehensive literature review, the reader can see (Campbell, et al., 1997). 
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numerous signals and thus high transaction costs. Examples of such short trading 

rules are short term moving averages, moving averages crossovers and trendline 

penetrations (Achelis, 1995; Murphy, 1986; Pring, 2002).  Bad signals usually reverse 

very quickly, and technicians use a variety of filters to eliminate those cases. Murphy 

(1986, pp. 242-245) presents some of those filters applied on the case of moving 

averages. However, these filters can be applied generally on most technical trading 

rules. Firstly, he mentions that after an upwards (downwards) penetration of a moving 

average, some technicians require the whole subsequent day‟s price range to stay 

above (below) the average. Price filters are also used in order to characterise a 

penetration as valid. This means that price should breach a moving average by a fixed 

percentage (usually 1% to 3%) to have an “accurate” signal. Time filters are also 

common, in cases where a technician waits usually one to three days after the 

realization of a signal to verify its reliability
14

. These filters, especially the time filters, 

can be also used in case of technical patterns, as useful tools to verify the 

confirmation of the pattern examined. These rules like most technical trading rules 

include some user-defined parameters. For example, in case of price filters, the size of 

the filter (x%) is up to the discretional decision of the technician. The larger the filter, 

the more protection it provides. This means that more “bad” signals are being omitted 

and less transaction costs we suffer. However in case of good signals, the 

implementation of a large filter sacrifices potential profits. Thus, the technician 

actually pays a protection-premium, which is losing a part of his/her potential future 

profits, due to his/her later market entry or exit. The inverse holds for small filter 

rules. It is thus an “opportunity cost – opportunity benefit” trade-off that the 

technician should consider within his trading strategy. 

 

3.2.2 Technical Analysis 

 
The origins of technical analysis (TA hereafter) are traced back hundreds of years 

ago. In the 1600s the candlestick charting
15

 was developed by the Japanese in order to 

analyze the price of rice contracts (Achelis, 1995). In west, technical analysis started 

to gain celebration due to the “Dow Theory” developed by Charles H. Dow who was 

                                                             
14

 Percentage envelopes (or volatility bands) and high-low bands are other types of filters 

described in (Murphy, 1986) but their use cannot be generalized to other technical trading 

rules to the extent that filters we already presented do.  
15

 For more information regarding candlestick charting we suggest (Nison, 1991). 
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editor of the Wall Street Journal for the period 1889-1902.
16

 Dow developed his 

theory, but he didn‟t publish it. Instead, the six tenets of his theory were written in a 

series of editorials. After his death in 1902, it was his successor at the editorial post 

William Peter Hamilton who published Dow‟s work in (1922), and Robert Rhea who 

expand  it even further in (1932). Today‟s conventions of technical analysis originate 

from the principles presented in the Dow Theory. 

Following the discussions of the previous chapters, it is now the right moment 

to define technical analysis. Instead of trying to make our own definition, it would be 

more useful for the reader to present some of the most celebrated definitions found in 

the academic community. These definitions are being cited repetitively in numerous 

articles. 

 

Technical Analysis is the study of market action, primarily through the use 

of charts, for the purpose of forecasting future price trends. The term 

“market action” includes the three principal sources of information 

available to the technician –price, volume and open interest...chart 

reading is largely an art. (Murphy, 1986, pp. 1, 12) 

Technical Analysis is the science of recording, usually in graphic from, 

the actual history of trading (price, changes, volume of transactions, etc.) 

in a certain stock or in “the averages” and then deducing from that 

pictured history the probable future trend. (Edwards & Magee, 1997, p. 4) 

 

The technical approach to investment is essentially a reflection of the idea 

that prices move in trends that are determined by the changing attitudes of 

investors toward a variety of economic, monetary, political and 

psychological forces. The art of technical analysis, for it is an art, is to 

identify a trend reversal at a relatively early stage and ride on that trend 

until the weight of the evidence shows or proves that the trend has 

reversed.(Pring, 2002, p. 2) 

                                                             
16

 He was the first one to publish a stock market average in 1884. This average was actually 

the first market index and included 11 stocks. In 1987 the initial index was separated into two 

indices. The first one included 12 stocks from the industry sector and the second one 20 

stocks from the rail sector. For more information concerning Dow‟s life and the six tenets of 

the Dow theory see (Edwards & Magee, 1997). 
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The cornerstone, on which the whole philosophy of TA is based, is the belief 

that human beings act with a similar manner under similar conditions. Since investors 

are humans, this behaviour can be traced in their decision-making processes. TA 

includes a variety of technical indicators and patterns which try to classify these 

repetitive investment behaviours, and the corresponding impacts to the market prices. 

When price evolves in a known to a technician path, the latter assumes that the price 

will move with the same manner as it did in the past. A technical trading strategy 

signals three different investment recommendations; buy (long), sell (short) and out of 

the market (neutral). Thus, technical analysis is a process of making predictions of 

probable future trends, based on past experience.  

A known debate found in the bibliography is the one of art vs. science. This 

debate is obvious in the three aforementioned definitions of TA and raised a lot of 

confusion in the academia. In (Hanley, 2006, p. 20) it is being cited that “Art‟ means a 

skill acquired by experience, study or observation. „Science‟ is a body of knowledge 

with its own axioms, rules, and language”. From our point of view, it is not 

appropriate to classify TA in any of the above two categories. It has common features 

with both terms, but also significant differences which does not allow us to proceed in 

such a distinction. 

Assume two painters. The first one attended some courses of painting. 

Through studying he learned the basic principles of painting. The second one was self 

taught, and he learned this art by his own experience. Both painters can make 

priceless works of arts due to their personalities. However, there are numerous of 

painters of both categories who are unable to draw a moderate painting. Analogously, 

for a technical analyst the chart is his canvas and technical indicators and patterns are 

his tools (colors and brushes). The outcome, which in the case of the painter is the 

beauty of his work, is the interpretation of the technical tools. The difference between 

the two examples of the above parallelism is the publicity of the outcome. In case of 

the technician, profitable technical trading strategies are not being published due to 

the “self-destructive” nature of TA. In many articles it is being stated that after a 

successful trading strategy is being published, it loses its predictability (Timmermann 

& Granger, 2004). 

The subjective nature of TA is also a celebrated critique against it. This 

characterization sets the most serious border so as to characterize it as a science. 

Subjectivity mainly refers to the fact that a particular chart pattern (or technical 
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indicator) could be differently interpreted by two experienced technicians (see 

clustering illusion in section 2.6). Hanley (2006) states: “Do we criticize medicine as 

being too subjective because two doctors have different interpretations of a set of 

symptoms? No, we simply conclude, based on outcomes, that perhaps one doctor is a 

better diagnostician than the other is”. But the subjectivity does not only exist in the 

interpretation but also in the identification of technical patterns. One of the 

contributions of this thesis is the quantification of well known technical patterns, in a 

manner that it extracts this subjectivity.
17

 Another statement that locates TA 

somewhere between art and science is the following: 

 

It has been said that chart interpretation is not a science, but an art. It is 

not an exact science, to be sure, because it has no rules to which there are 

not exceptions. Its finer points defy expression in rule or precept. It 

requires judgment in appraisal of many factors, some of which may seem, 

at times, to conflict radically with others. But to call it an art, which 

implies the need for genius, or at least for a high degree of native talent, is 

certainly improper. Say, rather, that it demands skill, but a skill that can 

be acquired by anyone or ordinary intelligence.(Edwards & Magee, 1997, 

p. 167) 

 

Art or science, what is of prime importance is that TA is present in the daily 

investment decisions made by practitioners. Although there are no robust and 

persuasive empirical evidences suggesting that TA can accurately infer the direction 

of future prices diachronically, a substantial segment of the investment industry 

amalgamate TA with other trading and investment strategies. Taylor and Allen (1992) 

conducted a questionnaire survey on chief foreign exchange dealers regarding the use 

of TA. Among their findings, they reported that 90 per cent of respondents consider 

technical signals within their forecasts and investment decisions. The majority of 

those respondents combined the tools of fundamental and technical analysis with a 

tendency of using TA for shorter horizons and fundamental analysis for longer ones. 

Their core results were corroborated for Germany in (Menkhoff, 1997), for Hong 

                                                             
17

 A detailed description of the proposed rule-based mechanisms that identify technical 

patterns is presented in Part II and in the Appendix. 
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Kong in (Lui & Mole, 1998) and for USA in (Y. Cheung & Chinn, 2001). Other 

studies that report similar findings concerning the usefulness of TA are (Billingsley & 

Chance, 1996; Fung & Hsieh, 1997). Today there are numerous software programs 

and packages that deal with TA (e.g. Metastock, Meta Trader 4, etc.), whereas 

journals articles, newsletters and books are myriads. Commercial banks, investment 

banks and other financial intermediaries take into consideration TA‟s investment 

recommendations in their investment decisions. TA is a fact in the making decision 

process in the financial world. What still remains a foggy issue to examine is its 

efficacy. 

Technical analysis is also characterized as a “self-fulfilling prophesy”(Merton, 

1968). By this attribution, the predictive power that is assumed to be embedded in it, 

results by the persistence of technicians to believe in its efficacy even if this original 

conception is false. These initial common beliefs, guide technicians into homogenous 

investment actions, and thus force market prices to evolve as they had previously 

expected. In other words, their original false conceptions are verified, due to their 

massively common investment behaviour.
18

 The term “self-fulfilling prophecy” is 

attributed to Robert Merton
19

(1968). More concretely he states: 

 

The self-fulfilling prophecy is, in the beginning, a false definition of the 

situation evoking a new behaviour which makes the original false 

conception come true. This specious validity of the self-fulfilling prophecy 

perpetuates a reign of error. For the prophet will cite the actual course of 

events as proof that he was right from the very beginning.(Merton, 1968) 

 

 The fault of this argument as (Hanley, 2006) documents is that in practice we 

cannot isolate, and observe the investment actions of technicians from the remaining 

investment community. Even if that would be plausible, the hypothesized 

homogeneity among technicians‟ interpretation of technical signals and investment 

actions is doubtful. In addition, TA is also characterized as “self-destructive” which 
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 The reader can see the survey-based articles of (Menkhoff, 1997; M. P. Taylor & Allen, 

1992) where this attribution of TA is examined.   
19

 The term “self-fulfilling prophecy” stems from the Thomas Theorem which was coined in 

1928. According to this theorem “if men define situations as real, they are real in their 

consequences”, see (Merton, 1995). 
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contradicts with the former characterization, even though we accept and pass through 

the aforementioned fault. According to this theory, a technical trading system is 

profitable until the time that it will be broadly used. After this point, it loses its 

predictability since market prices absorb this information (Timmermann & Granger, 

2004). In addition, a variety of other, more recent surveys suggest that trading profits 

from earlier profitable technical trading rules seem to vanish in more recent years 

(Olson, 2004; R Sullivan, et al., 1999; R  Sullivan, Timmermann, & White, 2003; 

Zapranis & Tsinaslanidis, 2012b). 

Another recurrent statement in the bibliography is the paradox of efficient 

market hypothesis. According to this paradox, markets are efficient if a substantial 

segment of the investment community believes they are not. It is the continuous 

search, and trading activity of investors who do not accept EMH, that return prices to 

their “fair” levels and move markets towards efficiency. Alternatively if every 

investor believed in EMH, then no one would bother to analyze new information. As a 

consequence new information would not be incorporated into prices, so markets 

would become less responsive and hence less efficient.
20

  

This puzzling image of TA, the inability to pronounce it clearly and treat it as 

science and contrary this wide spread resonance to the academia and industry 

probably led Malkiel (1996, p. 139) to characterise TA as an “anathema to the 

academic world…” Generally, numerous are the critics against its usefulness. 

Characteristic is the book title of (Lo & Hasanhodzic, 2009) “The Heretics of 

Finance”, which is a package of conversations with leading practitioners of TA. 

Among others, one of the main contributions of this thesis is our effort to shed light in 

a foggy area of TA which is the identification and interpretation of chart patterns. 

 

3.3 Technical Patterns 

 
Technical analysis assembles a bundle of tools in order to examine the historical 

evolution of price series and predict future trends. Technical indicators, patterns, 

trendlines and candlesticks are some indicative examples (Achelis, 1995; Bulkowski, 

2000, 2002; Edwards & Magee, 1997; Murphy, 1986; Nison, 1991; Pring, 2002). In 

                                                             
20

 This paradox mainly refers to the first two forms of EMH. However we regard it relevant to 

this puzzling usefulness of TA and that is why we mentioned it at this part of this thesis 

instead of referring to it in the corresponding section of EMH.  
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this section, we proceed with the description of some well known technical patterns, 

for which we will subsequently propose automatic rule-based identification 

mechanisms (part II), and assess their efficacy. 

 

3.3.1 Horizontal Support and Resistance (HSAR) levels  

 
Support and resistance levels are two of the most important tools of TA. A support 

level is defined always under the spot price of a financial asset. It is rational to set 

such a level when the price evolves in a bearish
21

 manner. It is the price level that the 

price finds a support when it reaches it from above. When this happens it is expected 

a reverse in the trend, especially when this reversal is accompanied by a large increase 

in the volume of transactions. In other words investors think that the corresponding 

asset is undervalued at this level so the demand is being instantly increased and 

buyers support the corresponding stock at that level. The reverse stands for a 

resistance level. Contrary, if price penetrates downwards (upwards) a support 

(resistance) level the initial trend is expected to continue. In the first case support and 

resistance levels act as trend reversal predictors where in the second case as trend 

continuation predictors.   

Support and resistance levels (SAR hereafter) can be traced within a pattern 

(e.g. the neckline of the Head and Shoulders pattern) and also they can be signified by 

technical indicators (e.g. moving averages crossovers). In their purest form, they can 

be defined as specific price levels. In this case we can call them horizontal support 

and resistance levels (HSAR hereafter) due to the practice to draw them as horizontal 

lines on the chart. 

Several variations of SAR level exist which can be classified by the manner a 

technical analyst identifies them. Osler (2000) reports that these ways are, simple 

numerical rules, inside information, market psychology, and visual assessment. In this 

thesis, emphasis is given in the latter one because, as mentioned before, one of the 

pylons of this thesis is the proposition and implementation of novel, rule-based 

                                                             
21

 In technical jargon a bull trend is associated with augmented investors‟ confidence 

combined with the analogous increase in the investing, due to the expectation of future price 

increases. A bear trend is the reverse. The use of “bull” and “bear” to describe market trends, 

stems from the manner that those two animals attack their opponents. Thus an uptrend is 

characterised as bullish and a downtrend as bearish. 
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identification mechanisms for a variety of technical patterns, that enclose the 

principles found in the identification process via visual assessment. 

 

SAR identified by simple numerical rules 

 

In this case a technical analyst identifies firstly an uptrend (or downtrend). Horizontal 

support and resistance levels are drawn in a manner that they pass through specific 

levels between those two extreme points that characterize this trend. For example, 

Osler (2000) refers to the “50 percent rule” which affirms that after a significant price 

move, the direction at which a price series evolves, is going to be inverted at about 

50% of the original move. Similarly is the process when a technical analyst applies 

the “one-third” and “two-thirds” rule. 

The Fibonacci number sequence is 1, 1, 2, 3, 5, 8, 13, 21, …, ∞ where every 

number results by adding the two preceding numbers. This sequence of numbers is 

being characterized by many other known and interesting relationships
22

. Murphy 

(1986, p. 395) refers that some of these relationships were known to the Greeks, the 

Egyptians and Leonardo da Vinci. It is generally accepted though that these 

relationships are embedded and reappear in many nature‟s phenomena and human‟s 

activities. One of the human‟s activities is the investment activity, and from Fibonacci 

numbers psychological support and resistance price levels are deduced. These levels 

are 0.0%, 23.6%, 38.2%, 50%, 61.8%, 100%, 161.8%, 261.8%, and 423.6% (Achelis, 

1995) and are known as Fibonacci retracements
23

 (Fig. 3.1). 

 
SAR identified with public announcements or inside information 

 
Information used in this case concerns mainly large trading orders set by wealth 

investors. For example, if someone is informed that for tomorrow, a large long 

position is set by a firm on a specific stock‟s price level, lower than today‟s level, then 

he would reasonably treat the order‟s price as a support level.  Such information is 

mainly available for inside traders who have access to inside information. There is 

also a case that this information can be found in publicly available announcements. In 
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 For a more detailed description of the properties of Fibonacci numbers sequence see  

(Murphy, 1986). 
23

 Fibonacci fans, arcs and time zones are additional technical trading rules based on the same 

notion.    
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both cases, the measurement of the predictive power of such support and resistant 

levels can be considered as tests for the semi-strong and strong form efficiency of a 

market, and not for a weak-form, since the information used here is not deduced from 

historical prices. 

 

 

Figure 3.1: Fibonacci retracements. These HSAR levels are being drawn on the IBM stock 

chart for the period Jun 2003 through Mar 2005.  

 
SAR based on market psychology 

 
The creation of support and resistant levels may also be attributed to psychological 

reasons. It is observed in various studies that, a trader has an innate tendency to think 

in terms of round prices, each time he/she is about to take a long or short position. 

This behaviour is also observed by Goodhart & Figliuoli (1991) who examined bid-

ask spreads for major currencies and they refer to it as a “round number syndrome”. 

In case these round figures constitute historical long-term peaks or bottoms, the 

validity of the generated SAR levels increases (Edwards & Magee, 1997). This round 

number syndrome is also known in the academic literature as psychological barriers 

(De Grauwe & Decupere, 1992; Dorfleitner & Klein, 2009; Mitchell, 2001, 2006). 
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Trading range break-out 

 

Another celebrated type of SAR is the trading range break-out (TRB hereafter). The 

efficacy of TRB has been evaluated in many previous studies (Brock, et al., 1992; 

Curcio, Goodhart, Guillaume, & Payne, 1997; Zapranis & Tsinaslanidis, 2012b). 

When TRB used as a trading strategy, a support (resistant) level is set by the 

minimum (maximum) closing price realized in a previous time period „w‟. This 

strategy can be extended by incorporating various filters such as a percentage-band 

filter, a time delay filter, a stop-loss position and volume confirmation (Qi & Wu, 

2006). These filters are used as tools of confirmation. In other words, a trader 

confirms the validity of the penetration of a support (resistant) level when one or more 

of the aforementioned filters are satisfied. The above description implies that this 

trading strategy can be easily quantified by the following equations.
24

 

 

𝑆𝑢𝑝𝑝𝑜𝑟𝑡𝑡 = min[𝑃𝑡−1 ,𝑃𝑡−2 ,…𝑃𝑡−𝑤 ] (3.1) 

 

𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑡 = max[𝑃𝑡−1,𝑃𝑡−2,…𝑃𝑡−𝑤 ] (3.2) 

 

where the support (resistance) level at time t equals with the minimum (maximum) 

closing price (P) of the preceding w periods. In case these levels are penetrated, the 

corresponding investment recommendations are given by the following sets of criteria 

(De Zwart, Markwat, Swinkels, & van Dijk, 2009). 

 

𝐼𝑛𝑣𝑒𝑠𝑡𝑒𝑚𝑒𝑛𝑡 𝑟𝑒𝑐𝑜𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛 
 𝐵𝑢𝑦 𝑖𝑓 𝑃𝑡 > 𝑚𝑎𝑥 𝑃𝑡−1 ,𝑃𝑡−2 ,…𝑃𝑡−𝑤 

𝑆𝑒𝑙𝑙 𝑖𝑓 𝑃𝑡 < 𝑚𝑖𝑛 𝑃𝑡−1,𝑃𝑡−2,…𝑃𝑡−𝑤 

𝑁𝑒𝑢𝑡𝑟𝑎𝑙 𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒

  (3.3) 

 

HSAR identified with visual assessment 

 

The most challenging type of HSAR levels is the one that its identification process 

has no precedent (to the best of our knowledge) in the academic literature. By 
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 The estimation of this type of support and resistance levels is feasible with the following 

two matlab functions included in the financial toolbox: 1) “hhigh(·)”: This function calculates 

a vector of highest highs for a price series with a specified by the user number of periods. 2)  

“llow(·)”: This function calculates a vector of lowest lows in the same manner as the 

aforesaid function.  
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combining the statements of (Bulkowski, 2002; Murphy, 1986) it can be inferred that 

a support or resistant level is an area of prices, rather than a specific individual price 

level, in where local peaks and bottoms reside.  The detailed theoretical framework 

and the identification process for horizontal support and resistance levels are 

presented in Chapter 4. 

 

3.3.2 The Head and Shoulders (HS) Pattern  

 
The “Head and Shoulders” pattern (HS hereafter) is considered one of the best known 

and credible chart patterns in technical‟s analyst community (Edwards & Magee, 

1997; Murphy, 1986). Like most technical patterns, its name comes from the 

similarity of its structure with ordinary objects, to which the human mind is familiar 

with. More concretely, its name stems from its resemblance to the upper part of 

human body. This pattern has been described extensively in many books (Achelis, 

1995; Bulkowski, 2002; Edwards & Magee, 1997; Murphy, 1986), articles (Chang & 

Osler, 1999; Clyde & Osler, 1997; Osler & Chang, 1995; Zapranis & Tsinaslanidis, 

2010a, 2010c) and on-line resources. 

It can be observed in its normal (HS tops) or inverse (HS bottoms, or upside-

down) form. Regarding the normal form, the pattern consists of three peaks with two 

intervening troughs between the head and each shoulder. The second peak observed 

(head), is higher than the preceding and forthcoming peaks (shoulders). The neckline 

is drawn through the lowest points of these two intervening troughs and may slope 

upwards or downwards. According to technical analysis when the price breaks 

downwards the neckline investors can expect a fall of the price equal to the head‟s 

height, which is the distance between the head and the neckline. The inverse form is 

actually a mirror image of the normal form. Furthermore after prices breach the 

neckline, the latter behaves as a resistance level. 

The HS tops reversal pattern is illustrated in Fig. 3.2. The horizontal blue line 

is the neckline and till the fully pattern‟s formation it behaves as a support line. After 

the formation of the right shoulder the stock price follows a downtrend and after a 

while it breaches the neckline. In technical‟s jargon we say that at this point the 

pattern is confirmed. The investor should either sell the stock in order to prevent 

major losses, or short sell it in order to pursue profits. The price target is set by the 

head‟s height which is the distance between the head and the neckline (vertical red 
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line indicated with number 3 in Fig. 3.2). It is worth to mention that after the HS 

pattern‟s confirmation the neckline behaves as a resistance line since stock‟s price 

tries, unsuccessfully though, to breach this level upwards. As it happens in most 

patterns and indices of technical analysis, volume confirmation is of prime 

importance. Particularly, the volume at the left shoulder is high, at the head is 

moderate, at the right shoulder is low and at the breakthrough is extremely high. 

 

 

Figure 3.2: The HS price pattern for Archer Daniels Midland Co. (ADM) 

stock traded at NYSE. (Source: stockcharts.com- accessed on 10 Apr 2012) 

There are four categories of the HS pattern. The distinction is based on the 

trend (bull or bear trend) preceding the pattern‟s formation and on the form that the 

pattern has (normal or inverse) (Fig. 3.3). In case of HS tops a down-trend is expected 

when the “neckline” is penetrated (Fig. 3.3a, b). Reversely, when it has the inverse 

form we expect an up-trend (Fig. 3.3c, d). When the normal form occurs and an up-

trend preexists the pattern is characterized as a trend-reversal pattern (Fig. 3.3a). On 

the other hand, a down trend preexistence characterises the pattern as a trend-

continuation pattern (Fig. 3.3b). Similarly when the inverse form takes place the 

pattern is characterized as a trend-reversal (Fig. 3.3d) or as a trend-continuation (Fig. 

3.3c) when a down-trend or an up-trend preexists respectively. 
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Figure 3.3: Four potential versions of the HS pattern. The pattern is categorized by its form 

and the pre-existed trend into trend-continuation (b, c) and trend-reversal (a, d) patterns. 

 

 

3.3.3 Rounding Bottoms and Tops (RB & RT) 
 

Another well-known technical pattern in the community of technical analysis is the 

rounding bottoms/tops pattern (RB/RT hereafter). RB is also known as saucer bottom 

or “U” formation (Fig. 3.4). The pattern is formed when market‟s expectations 

gradually shift from bearish to bullish (Achelis, 1995). The essence of this pattern is 

that prices gradually decline up to a specific point where a regional bottom is created, 

and after this point the trend changes to “bullish”. This evolution of the price creates a 

“bowl-shaped” pattern, with the two “leaks” of the “bowl” signifying a resistance 

level. After the upwards penetration of this level prices are expected to rise in a level 

equal with the patterns height. The volume during the creation of the pattern is 

similar. RB is an indicative example of circular technical patterns.   
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Figure 3.4: The RB price pattern for Amgen Inc.  traded at NASDAQ  

(Source: stockcharts.com- accessed on 10 Apr 2012) 

 

3.3.4 Flags, Pennants and Wedges 
 

Flags, Pennants and Wedges are technical “zig-zag” patterns whose formations 

require shorter time intervals compared with the other technical patterns examined in 

this thesis. Flags and Pennants generally require up to 4 weeks (20 trading weeks) to 

form, whereas wedges can form in a period as short as 10 days or as long as 40 days.
25

 

These patterns are considered as brief pauses in a dynamic market move (Murphy, 

1986). When this market move is “bullish” then these pauses are reflections of 

controlled profit taking periods. Contrary, when the market move is “bearish” they are 

reflections of controlled digestion of losses (Pring, 2002). Generally they are 

considered as trend-continuation patterns. 

                                                             
25

 These are the time criteria used in the proposed identification mechanism for the 

corresponding patterns (see Appendix A.1). The required time for the successful formation of 

these patterns varies marginally among technical manuals (Bulkowski, 2000; Edwards & 

Magee, 1997; Murphy, 1986; Pring, 2002). The suggestions of each technical pattern are 

quoted in the appendix A.1. The time criteria mentioned here are averages of all those 

suggestions. 
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All these patterns realise a slope bias against the prevailing trend. This 

characteristic is rarer in the case of pennants, since they are generally characterized as 

more horizontal compared with the other two patterns. For a successful Flag 

formation, price should fluctuate within two parallel trendlines (Fig. 3.5). A pennant 

is identified when these trendlines converge and is more horizontal (Fig. 3.6). The 

trendlines converge also in the case of a Wedge, but the pattern‟s specific 

characteristic is its apparent slope (Fig. 3.7). More concretely, the two trendlines slope 

to the same direction (either both upwards or both downwards). 

 

 

Figure 3.5: Flag observed in IBM stock for the period Jan-Oct 2004. (Charts by Yahoo! 

Finance) 

 

Figure 3.6: A bullish Pennant observed in DELL stock.  (Charts by Yahoo! Finance) 
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Figure 3.7: A falling (bullish) wedge observed in Microsoft Stock. (Charts by Yahoo! 

Finance) 

3.3.5 Triple and Double Tops and Bottoms 
 

The description of the Triple Tops (TT hereafter) or Triple Bottoms (TB hereafter) is 

an easy task to implement, since these patterns are very similar with the HS tops and 

bottoms patterns respectively (see appendix A.2). The crucial difference is that the 

three peaks (bottoms) in the TT (TB) are at about the same price level. Specifically, in 

an ideal case these locals are at the exact same level. This is not the case for the two 

intervening bottoms (peaks) that can be observed at different levels. For a TT or TB 

confirmation the volume of transaction must evolve as it does in a case of a HS 

pattern; it should be high in the first top (bottom), moderate in the second, low in the 

third and extremely high at the breakpoint. (Murphy, 1986) comments for this 

similarity: “Chartists often disagree as to whether a reversal pattern is a head and 

shoulders or a triple top. The argument is academic, because both patterns imply the 

exact same thing”. 

 Similar to the aforesaid patterns, are the Double Tops (DT hereafter) and 

Double Bottoms (DB hereafter) patterns. The resemblance with the letters “M” and 

“W” made these patterns known as an “M” and a “W” pattern respectively.  At the 

case of the “M” pattern, price evolvement creates two subsequent peaks at about the 

same level with a local bottom between them. Later on, a beginning of a new 

downtrend takes place, and the “M” pattern signals a short position at the price level 

signified by the intervening trough. The DB pattern is a mirror image of the DT. 
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3.4 Empirical results for Technical Patterns 
 

In this section we are presenting representative studies with their empirical results for 

the technical patterns we consider in this thesis.  

A number of surveys examined the efficacy of assembles of technical patterns. 

Preliminary evidence for the lack of predictive power of 32 five-points chart patterns 

were presented in (Levy, 1971). The dataset used was daily, adjusted, closing prices 

of 548 securities from the NYSE. At the period July 3 1964 through July 4 1969, none 

of the 32 five-points chart patterns produce better than average profits for the afore 

mentioned securities. In (Lo, Mamaysky, & Wang, 2000) a pattern identification 

mechanism based on kernel regression was developed. The later was used to smooth 

price series and identify regional peaks and bottoms. With the fulfillment of specific 

criteria the identification mechanism recognised various technical patterns including 

the HS pattern. When applied on US stocks for the period 1962-1996 they found that 

there is potentially useful information embedded in most of the technical patterns they 

consider, although this does not necessarily means that technical analysis can generate 

trading profits. Dawson & Steeley (2003) employed Lo et al.‟s method on UK stocks 

over the period 1989 to 2001. Their results are marginally weaker than the ones found 

in (Lo, et al., 2000), but they are generally aligned with them. More concretely, the 

distributions of returns conditioned on the examined technical patterns were 

significantly different from the unconditional ones, although means of those 

distributions were not. Hsu & Kuan (2005) examined a relative wide “universe” of 

technical trading rules based on either isolated simple rules or complex trading 

strategies. In their test they considered data snooping bias by implementing White‟s 

reality check (White, 2000) and Hansen‟s SPA test (Hansen, 2005) in their 

experiment. Within their results they found that technical analysis is profitable in 

relatively “young” markets (NASDAQ Composite and Russell 2000) but not in 

relatively “mature” markets (DJIA and S&P500). The comparison of trading results 

was made with buy-and-hold strategies taking into consideration transaction costs 

(0.05% for each one-way trade) in a manner similar with the one used in (Fama & 

Blume, 1966). 

Carol Osler is currently Program Director for the Lemberg Masters in 

International Economics and Finance at the Brandeis International Business School. 

While working in Federal Reserve Bank of New York, she investigated the predictive 
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performance of the head and shoulders pattern and support and resistance levels. 

Concerning the later technical tool, Osler (2000) used published support and 

resistance levels provided by six firms, for three currency pairs (dollar-mark, dollar-

yen and dollar- pound) for the period 1996-1998. She examined the profitability of 

those levels on intraday exchange rates, using a bootstrapped technique. Among her 

results, she mentions that the published levels outperform the ones created artificially, 

a finding in favour of the efficacy of TA. In contrast, strengths of the published levels, 

provided by three of those firms were found to be insignificant. In addition, in  

(2002), she exhibited that exchange rates do tend to reverse trend at round numbers, a 

prediction accepted by technicians. In an effort to explain this behaviour, in (Osler, 

2003) it is found that take-off orders seem to cluster strongly at round numbers 

whereas stop-loss orders appear to cluster just beyond round numbers. The first 

finding corroborates the belief of technical community that trends tend to reverse 

course at predictable support and resistance levels, while the second one the 

expectation that trends move unusually rapidly after prices penetrate such levels. The 

connection between stop-loss orders and rapid, self-reinforcing price movements was 

examined in (Osler, 2005). Curcio, et al. (1997) examined the profitability of SAR 

levels appeared on the FXNL screen on intra-daily foreign exchange markets. Their 

main result was that even when transaction costs were not taken into account, it was 

on average not profitable to trade according to these rules, although excess returns 

could be made in periods of strongly trending exchange rates. Finally empirical 

results regarding trading range break-outs are numerous, probably due to the 

simplicity in their identification process
26

. Due to this fact, this variation of SAR is 

usually assessed with a bundle of other, easily identified technical indicators and 

results are mixed (Brock, et al., 1992; W. Cheung, Lam, & Yeung, 2011; Coutts & 

Cheung, 2000; De Zwart, et al., 2009; Falbo & Cristian, 2011; Hudson, Dempsey, & 

Keasey, 1996; Marshall, et al., 2008a; Ben R. Marshall, Rochester H. Cahan, & Jared 

M. Cahan, 2008b; Marshall, Qian, & Young, 2009; Mizrach & Weerts, 2009; Qi & 

Wu, 2006; Raj & Thurston, 1996).   

Regarding the HS pattern, one of the first attempts to quantify this technical 

pattern with a rule-based system was presented in (Osler & Chang, 1995). In this 

                                                             
26

 Recall from section 3.3.1 that this type of SAR levels is identified from minima or maxima 

realized in a precedent, constant time intervals. 
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study, several precise criteria were set, whose fulfillment was a necessary condition 

for the pattern‟s confirmation. Clyde and Osler (1997) use the HS pattern to provide a 

theoretical foundation and supportive evidence for the linkage (or equivalence) 

between technical analysis and nonlinear forecasting on high dimension systems. 

Osler (1998) states that investment positions based on signals generated by visual 

price patterns constitute a source of noise trading. The reason for this impact is the 

fact that trading volume realized during the pattern‟s formation is unusually high, and 

trading based on the signals generated are unprofitable. More concretely, she focused 

on the HS pattern and she found that the pattern is not profitable when applied on 100 

randomly selected firms for the period 1962-1993. Chang and Osler (1999) used the 

HS pattern on daily dollar exchange rates over the period 1973 to 1994. The pattern 

was found to be profitable for the mark and yen, but not for the other four exchange 

rates (Canadian dollar, Swiss franc, French franc and U.K. pound). In those profitable 

cases the comparison was made with both the average buy-and-hold mark‟s return and 

the corresponding average annual return of S&P 500. This profitability is also robust 

even when the comparison is made with two null models; Random walk and GARCH 

(1, 1) processes. However, they state “the HS trading rule is profitable but not 

efficient as it is dominated by other simpler trading rules (moving averages)”. These 

simpler trading rules are much easier for an investor to calculate and thus there is no 

reason to include HS‟s signals into his investment decision process, even in the mark 

and yen currencies. In their last comment they assert that the persistence on using the 

HS pattern constitutes a cause of predictable exchange-rate forecast errors. In 

addition, Neftci (1991) devised some formal algorithms to represent various forms of 

technical analysis and he showed that a few of those rules generate well-defined 

techniques of forecasting. Lucke (2003) used the criteria presented in (Osler & Chang, 

1995) for the identification of the HS pattern. The pattern was tested on daily spot 

exchange rates for five currencies, covering all relevant cross rates. Returns generated 

were not significantly positive. In a more recent study Savin, Weller, and Zvingelis 

(2007) used a modified version of the pattern recognition algorithm presented in (Lo, 

et al., 2000) in order to evaluate the predictive power of the HS pattern. Their 

modifications concern a different span of the rolling window implemented a different 

bandwidth and some additional restrictions on the locals‟ criteria. The last 

modification is based on technical principles found in (Bulkowski, 2000). The 

efficacy of the HS pattern was examined in the S&P500 and the Russell 2000 
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components over the period 1990-1999 and they found no profitability on a trading 

strategy based solely on the examined pattern. In contrast they found that HS patterns 

could be used successfully in conjunction with a passive indexing strategy to improve 

the trade-off between risk and return. Friesen, Weller, and Dunham  (2009) state that 

confirmation bias embedded in investors‟ “decision-making” procedures generates 

autocorrelation and patterns of price evolution that can predict future prices. Their 

analysis provides reasoning on the existence of the HS and double-tops patterns.  

In (Zapranis & Tsinaslanidis, 2010a) the criteria mentioned in (Lucke, 2003) 

were applied through a rule based mechanism on stochastically generated price series 

in an attempt to view through the prism of behavioral finance the HS pattern‟s 

performance.  The HS pattern is successfully identified in random price series and this 

indicates that it is possible the pattern to be identified in real price series too. The 

main conclusion is that if the geometric Brownian motion is considered an accurate 

representation of the price stock generating mechanism then the HS pattern has no 

predictive power at all. An alternative way of identifying the HS pattern with artificial 

neural networks was also proposed in (Zapranis & Tsinaslanidis, 2010c). 

Methodology and results of the last two articles are presented in detail in Chapter 5. 

Empirical results on the RB pattern are very limited due to specificities that 

characterise this pattern. In contrast with most “zig-zag” technical patterns, this one is 

circular, and more complicated techniques for its identification are necessary to be 

developed. Some studies propose identification mechanisms for this pattern based on 

criteria applied on regional peaks and bottoms (Hsu & Kuan, 2005; Lo, et al., 2000). 

However we believe that they do not capture the circular characteristic of the pattern. 

In contrast Wang and Chan (2009) use a template matching technique (Duda & Hart, 

1973) to identify the rounding top and saucer pattern. They state that the pattern has 

considerably forecasting power across various tech stocks traded in U.S. In this thesis 

(Chapter 5) we propose another identification mechanism, which captures the circular 

characteristics of this pattern. In addition, the proposed recognizer identifies at once 

this patter, regardless of its size (Zapranis & Tsinaslanidis, 2012b). 

In (Leigh, Modani, Purvis, & Roberts, 2002; Leigh, Paz, & Purvis, 2002; 

Leigh, Purvis, & Ragusa, 2002) template matching techniques, for the identification 

of “bull-flag” variations, are being used. They examined the profitability of these 

trading rules on NYSE composite index, and they found that these rules are efficient. 

The same patterns were used in order to identify abrupt increases in volume in NYSE 
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(Leigh, Modani, & Hightower, 2004). Such volume increases were found to be 

followed by price increases under certain condition during the examined period 

(1981-1999). An alternative template matching technique was implemented in (Bo, 

Linyan, & Mweene, 2005), which they claim outperforms the classic one. Their 

results concern the Shanghai Stock Exchange and their evidence are against the null 

hypothesis of EMH. The aforementioned studies were extended for the NASDAQ 

Composite Index and Taiwan Weighted Index in (Wang & Chan, 2007). Finally, 

Leigh, Frohlich, Hornik, Purvis, and Roberts (2008) extended their previous works 

and reported results supporting the predictive power for the mirrored pattern of the 

“bull-flag”; the “bear-flag”. 

At this point we classify the aforementioned studies into four different 

categories according to the patterns they examined and we illustrate the most 

representative ones in the following tables. More concretely, representative 

bibliography assessing sets of mixed technical trading rules including technical 

patterns, technical trading rules based on “horizontal” patterns, technical trading rules 

based on “zig-zag” patterns and finally technical trading rules based on “circular” 

patterns is being presented in Tables 3.1, 3.2, 3.3 and 3.4 respectively. 
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Table 3.1: Selective bibliography assessing sets of mixed technical trading rules including technical patterns 

Study Pattern(s) examined Dataset 
Main empirical 

findings/contributions/conclusions* 

Levy 

(1971) 
32-five point chart formations 

548 NYSE stocks for the 

period 1964-1969 

1) “…after taking trading costs into account, 

none of the thirty-two patterns showed any 

evidence of profitable forecasting ability in either 

(bullish or bearish) direction” (p.318). 

2) “Moreover, the most bullish results tended to 

be generated by those patterns which are 

classified as bearish in the standard textbooks on 

charting, and vice versa” (p.318). 

Lo, et al., 

(2000) 

10 chart patterns: HS, inverse HS, 

broadening Tops and Bottoms 

(T&B), triangle T&B, rectangle 

T&B, and double T&B 

US stocks for the period 1962-

1996 

“Several technical indicators do provide 

incremental information and may have some 

practical value” (p.1705). 

Dawson and 

Steeley 

(2003) 

Similar with (Lo, et al., 2000) 
UK stocks for the period 1989- 

2001 

Similar with (Lo, et al., 2000) but marginally 

weaker results. 

Hsu & Kuan 

(2005) 
39.832 rules and strategies 

Four market indices: DJIA, 

S&P500, NASDAQ composite 

and Russell 2000 for the 

period 1989-2002 

“…significantly profitable simple rules and 

complex trading strategies do exist in the data 

from relatively “young” markets (NASDAQ 

Composite and Russell 2000) but not in the data 

from relatively “mature” markets (DJIA) and 

S&P 500)” (p.606). 

Notes: * Italics signify excerpts from the corresponding studies.  
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Table 3.2: Selective bibliography assessing technical trading rules based on “horizontal” patterns 

Study Pattern(s) examined Dataset Main empirical findings/contributions/conclusions* 

Curcio, et al. 

(1997) 

1) Support and Resistance 

levels,  

2) high-low trading ranges, 

3) combinations of 1 and 2, and 

4) Max-Min ranges from Brock 

et.al, (1992). 

1 and 2 were downloaded from 

the Reuters FXNL screen. 

Intra-daily foreign exchange 

markets (Mark, Yen and British 

Pound against US Dollar) for two 

sample periods (10 April 1989 -

29 June 1989 and 31 January 

1994 -30 June 1994). 

“… even when transaction costs were not taken into 

account, it was on average not profitable to trade 

according to these rules, although excess returns can 

be made in periods of strongly trending exchange 

rates” (p.269). 

Osler 

(2000) 

Published support and resistance 

levels provided by six firms 

Intraday data for three currency 

pairs (dollar-mark, dollar-yen and 

dollar- pound), for the period Jan 

1996 - March 1998. 

1) Published SAR levels outperform the ones created 

artificially. 

2) “In short, published estimates of the strength of the 

levels do not seem to be useful” (p.64). 

Osler 

(2002) 
Support and resistance levels 

Intraday data for three currency 

pairs (dollar-mark, dollar-yen and 

dollar-UK pound), for the period 

Jan 1996 - April 1998. 

Exchange rates change direction when they reach 

round numbers more frequently than they do at other 

numbers. 

Osler 

(2003) 
Support and resistance levels 

Stop-loss and take-profit orders 

for three currency pairs: dollar-

yen, dollar-UK pound and euro-

dollar for the period 1 August 

1999 -11 April 2000. 

“Take-profit orders cluster particularly strongly at 

round numbers”… whereas …”Stop-loss orders 

cluster strongly just beyond round numbers” (p.1791). 

Zapranis and 

Tsinaslanidis 

(2012a) 

Horizontal Support and 

resistance levels 

232 stocks from NASDAQ and 

501 stocks 

from NYSE (1990-2010) 

See Chapter 4 

Notes: * Italics signify excerpts from the corresponding studies.  
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Table 3.3: Selective bibliography assessing technical trading rules based on “zig-zag” patterns.  

Study Pattern(s) examined Dataset Main empirical findings/contributions/conclusions* 

Neftci 

(1991) 
HS and triangles 

Markov Times and Dow-Jones 

industrials for the period 1911-

1976 

He compared technical analysis methods to Wiener–Kolmogorov 

prediction theory. He concluded: 

“If the processes under consideration were nonlinear, then the rules 

of technical analysis might capture some information ignored by 

Wiener-Kolmogorov prediction theory” (p.570). 

In addition he devised some formal algorithms to represent the 

examined technical patterns. 

Osler and Chang 

(1995) 
HS 

Daily exchange rates of major 

currencies versus the dollar, for 

the period March 1973 - June 

1994  

They proposed a set of criteria for the identification of the HS 

pattern 

Clyde and Osler 

(1997) 
HS Chaotic series 

They provided a theoretical foundation and supportive evidence for 

the linkage (or equivalence) between technical analysis and 

nonlinear forecasting on high dimension systems 

Osler 

(1998) 
HS 

daily trading volume and prices 

for 100 US firms chosen 

randomly from the CRSP 

database for the period 1962-

1993 

No profitability for the HS pattern 

Continued…    
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Table 3.3: (continue) 

Study Pattern(s) examined Dataset Main empirical findings/contributions/conclusions* 

Chang and Osler 

(1999) 

HS 

+ 

indicators (oscillators and 

momentum rules) 

Daily spot rates for six currencies 

versus the US dollar for the period  

19 March 1973 - 13 June 1994  

“The rule is profitable but not efficient, since it is 

dominated by simpler trading rules” (p.363).  

Leigh, Modani, 

Purvis, and Roberts 

(2002), 

Leigh, Paz, and 

Purvis 

(2002), 

Leigh, Purvis and 

Ragusa  

(2002) 

Bull flag variations NYSE composite index Indications against EMH 

Lucke 

(2003) 
HS Daily spot exchange rates 

1) “Returns to SHS trading are not significantly 

positive – and if there is any evidence for non-zero 

returns at all, then it is evidence for negative returns” 

(p.39). 

2)”…the strongest evidence for excess profitability is 

found for the shortest holding period” (p.37). 

Leigh, et al.  

(2004) 
Bull flag for trading volume 

NYSE composite Index for the 

period 1981-1999 

“Such volume increases are found to signal 

subsequent increases in price under certain 

conditions during the period from 1981 to 1999, the 

Great Bull Market” (p.515). 

Continued…    

 



55 
 

Table 3.3: (continue) 

Study Pattern(s) examined Dataset Main empirical findings/contributions/conclusions* 

Bo et al., 

(2005) 
Bull Flag 

Shanghai Stock Exchange 

Composite Index for the period 

1993-2004. 

Indications against EMH 

Savin, Weller, and 

Zvingelis 

(2007) 

HS 
S&P 500 and Russell 2000 for the 

period 1990-1999. 

The provided evidence in favour of the HS pattern‟s 

predictive power. 

Leigh, Frohlich, 

Hornik, Purvis, and 

Roberts (2008) 

Bull/Bear Flag 
NYSE Composite Index for the 

period (1967-2003) 
Indications against EMH 

Friesen, Weller, 

and Dunham   

(2009) 

HS and DT 
Quotes from NYSE NASDAQ and 

AMEX for the period 1999-2005. 

They state that confirmation bias produces 

autocorrelations and thus it reasons for the existence 

of technical patterns like HS and DT. 

Zapranis and 

Tsinaslanidis 

(2010a,c) 

HS 

Artificially created price series 

with the Geometric Brownian 

Motion 

See Chapter 5 

Notes: * Italics signify excerpts from the corresponding studies. 
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Table 3.4: Selective bibliography assessing technical trading rules based on “circular” patterns. 

Study Pattern(s) examined Dataset Main empirical findings/contributions/conclusions* 

Wang and Chan 

(2009) 
Rounding Tops/Bottoms 

7 US tech stocks for different 

sets of holding periods 

1) Identification of the pattern with a template 

matching technique. 

2) Indications against EMH 

Zapranis and 

Tsinaslanidis 

(2012b) 

Rounding Tops/Bottoms 
Same dataset with Wang and 

Chan (2009) 
See Chapter 6 

Notes: * Italics signify excerpts from the corresponding studies. 
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3.5 Summary 

 
In this chapter we presented filter rules and technical analysis which are considered as 

“economic” tests for RW2 and thus the weak form EMH. Since their initial proposal, 

filter rules were included in a number of academic articles as tests for the weak form 

EMH. Although in earlier studies they were examined individually, due to 

technological innovations in most recent studies they are being assessed along with 

other technical trading rules. In some cases filter rules are being combined with 

technical analysis with a purpose to filter “bad” generated technical trading signals, 

reduce the frequency of trading, and thus reduce the size of transaction costs. As we 

already mentioned this protection costs the trader a part of his future potential profits. 

Subsequently we presented a discussion for technical analysis and exhibited 

some of its main characterizations (the self fulfilling prophecy, the self destruction 

nature) and debates found in the bibliography (science vs. art). Due to its subjective 

nature, any evidences in favour or against it usually raise doubts of validity and 

suspicions of data snooping. 

In this thesis we focus on technical patterns where this subjectivity is apparent 

in the identification and interpretation process. The last sections of this chapter 

describe the patterns for which we are going to propose automatic identification 

mechanisms and provide empirical evidence for them. Results are generally mixed but 

due to technological innovations the identification of these patterns and their 

evaluation is currently an easier task to implement. This is the main reason why 

proposed methodologies for their identification are mostly traced in recent than earlier 

studies. 
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PART II: DEVELOPMENT OF RULE-BASED, 

TECHNICAL PATTERN RECOGNIZERS 

 

 

We can argue that technical patterns can be classified in the following three general 

categories: Horizontal, zig-zag and circular.  This thesis proposes identification 

mechanisms for 8 known patterns (Horizontal Support and Resistance Levels 

(HSAR), Head and Shoulders (HS), Rounding Tops/Bottoms (RT/RB), Flags, 

Pennants, Wedges, Triple Tops/Bottoms (TT/TB) and Double Tops/Bottoms 

(DT/DB)). However, in this part we scrutiny the first three patterns since they are 

representative cases of the aforementioned three general classes .More concretely, 

HSAR, HS and RT/RB patterns are representative cases of horizontal, zig-zag and 

circular-type technical patterns respectively. All remaining technical patterns are 

considered as zig-zag patterns and the notion underlying their identification process is 

similar with the one presented for the head and shoulders pattern. Thus their 

identification methodology is being presented in the Appendix. Chapter 4, 5 and 6 

present the proposed identification methodologies along with empirical results for the 

Horizontal Support and Resistance levels, the Head and shoulders and the Rounding 

Bottoms/Tops patterns respectively. A more detailed overview of this part and its 

chapters is being provided in Section 1.2. 

 

  



59 
 

CHAPTER 4 

HORIZONTAL SUPPORT AND RESISTANCE LEVELS 

(HSAR) 

 

 

4.1 Introduction 

 
The description of SAR levels was provided in Chapter 3 with their relevant empirical 

results. Before proceeding to the development of the identification mechanism we are 

intentionally referring to key points of the bibliography which describe this specific 

pattern. Recall that our purpose is to incorporate in the proposed recognizers basic 

conventions of TA, which describe the identification of the examined pattern via 

visual assessment. Subsequently empirical evidences are provided regarding the 

pattern‟s performance. The proposed methodology was published in (Zapranis & 

Tsinaslanidis, 2012a) 

This chapter is organised as follows. Section 4.2 provides the theoretical 

framework. Section 4.3 describes the methodology for the identification of regional 

locals. Section 4.4 presents the proposed identification methodology for horizontal 

support and resistance levels. Section 4.5 describes the dataset used and the design of 

trading rules. Section 4.6 provides the empirical results from three different points of 

view. Finally, section 4.7 provides a summary and conclusions. 

 

4.2 Theoretical Framework 

 
Technical analysts acknowledge the importance of support and resistance levels. We 

chose to include SAR with other technical patterns for two reasons: First, because 

variations of SAR are identified as components of many chart patterns (e.g. the 

neckline of the Head-and-shoulders pattern is considered as a SAR) and second 

because in the case of horizontal SAR, no proposed method exists (to the best of our 

knowledge) for its identification. 

Murphy (1986) reports: “…support is a level or area on the chart under the 

market where buying interest is sufficiently strong to overcome selling pressure. As a 

result, a decline is halted and prices turn back up again… Resistance is the opposite 
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of support...” This description is unambiguously correct but it could refer only to 

regional locals. Bulkowski (2002) completes: “Perhaps a better definition would 

include several minor lows or minor highs stopping near the same price multiple 

times.” By the phrase “near the same price” the definition becomes more realistic 

since in practice it is extremely rare to observe several locals at the exact price level. 

Although many trading firms and technical analysts report HSAR as individual price 

levels, we would have to agree with Bulkowski who observes: “Support and 

resistance are not individual price points, but rather thick bands of molasses that 

slow or even stop price movement.” The fact that stock price series realize regional 

peaks and troughs in areas of price levels rather than at precise price points can also 

be attributed in “trader‟s remorse” (Achelis, 1995). Another characteristic of HSAR 

that we should consider is that after a breach of a support (resistance) level, this level 

becomes a resistance (support) level. 

The simplest way to identify support and resistance levels at a given time is by 

seeking within a constant, precedent time period the lowest and highest observations 

(section 3.3.1). Obviously, this process does not fully satisfy the aforesaid criteria 

which describe the identification of SAR, since it considers only one historical local. 

The most challenging type of SAR is the one identified with visual 

assessment, and its automatic identification process has no precedent in the academic 

literature. By combining the aforementioned statements of Bulkowski (2002) and 

Murphy (1986), it can be inferred that a support or a resistant level is an area of 

prices, rather than a specific individual price level, in where local peaks and bottoms 

reside. The aforementioned principles are embedded in the proposed identification 

mechanism of this thesis. 

 

4.3 Identification of Regional Peaks and Bottoms 

 
The identification of regional peaks and troughs is an essential preliminary process for 

the identification of most technical patterns. Neftci (1991, p. 550) states “most 

patterns used by technical analysts need to be characterized by appropriate 

sequences of local minima and/or maxima”. The prerequisite process for the 

identification of HSAR levels and for the other technical patterns examined in this 
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thesis, involves the identification of regional peaks and bottoms with the following 

developed matlab function.
27

 

  
 𝑝𝑒𝑎𝑘𝑠,𝑏𝑜𝑡𝑡𝑜𝑚𝑠 = 𝑟𝑤(𝑑𝑎𝑡𝑎,𝑤) (4.1) 

 

The rw(·) function takes two input variables; data and w. Data is a column vector of 

the closing prices of a stock price series and w is the length of the rolling window. 

The outputs are the regional peaks and bottoms (troughs) identified by the function.  

Consider a column vector of n daily closing prices
28

. The indicator t refers to 

the oldest observation when it takes the value of one and to the most recent 

observation when it takes the value of n respectively. The process is described by the 

following inequalities: 

 

𝐿𝑜𝑐𝑎𝑙 𝑃𝑒𝑎𝑘 𝑖𝑓 𝑃𝑡 > max  𝑃𝑡−𝑤
2

 : 𝑃𝑡−1 & 𝑃𝑡 > max  𝑃𝑡+1:𝑃𝑡+
𝑤

2
   (4.2) 

 

𝐿𝑜𝑐𝑎𝑙 𝑇𝑟𝑜𝑢𝑔 𝑖𝑓  𝑃𝑡 < min  𝑃𝑡−𝑤
2

: 𝑃𝑡−1 & 𝑃𝑡 < min  𝑃𝑡+1:𝑃𝑡+
𝑤

2
  (4.3) 

 

∀ 𝑡 ∈ 𝐼 [𝑤/2 + 1,𝑛 − 𝑤/2 − 1] 
 

From the above description it is obvious that variable w must be an even 

number. For example, in order to characterize the closing price observed at time t (Pt) 

as a regional peak, when a rolling window with a length of 50 days is used, this price 

has to be greater than the 25 preceding and 25 following days simultaneously. So the 

actual size of the rolling window is 51 (w+1) days. This process starts with the 26
th
 

(w/2+1) day. After that the oldest observation is eliminated and the next day is 

included in the rw(·) function. The last day examined is the 26
th

 most recent day (n-

w/2-1) from the whole data vector. Of course, time indicator t must be an integer 

number. The inverse process is used for the identification of the local bottoms 

(equation 4.3). 

                                                             
27

 Functions presented in this thesis have the following general form: [output1, output2, …, 

outputn]=function‟s name (input1, input2, …, inputn). The variables in the squared brackets are 

the outputs generated by the corresponding function and the variables inside the right brackets 

are the necessary inputs. We follow the same notation used in the Matlab software since all 

the identification mechanisms proposed in this thesis were implemented with the use of this 

software program.    
28

 The rolling window is used not only for daily closing prices but for every possible period 

(e.g. the periods used could be weeks when weekly closing prices are used and so on). 
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Alternative methods to identify regional locals are also provided in the 

bibliography. By implementing kernel mean regression algorithm we can smooth the 

price series and identify the corresponding extrema (Dawson & Steeley, 2003; Lo, et 

al., 2000; Savin, et al., 2007). Lucke (2003) used a computer program which was 

originally designed to identify business cycle turning points. 

 

4.4 The HSAR Identification Methodology 

 
The core concept of this identification process includes the classification of all locals 

identified by the rw(·) function into discrete price intervals (bins) and the calculation 

of the corresponding frequencies. Each bin would represent an area of prices and 

when its frequency is greater than 2, this bin would signify a horizontal SAR zone. 

The same practice is used to create an ordinary histogram with bins of equal width. 

The drawback of this method is that the width of bins represents price intervals, which 

means than the percentage distance of these bins would be different from cluster to 

cluster.
29

 To overcome this problem, the HSAR(·) function is erected (equation 4.4). 

 
 𝑠𝑎𝑟, 𝑏𝑖𝑛𝑠,𝑓𝑟𝑒𝑞 = 𝐻𝑆𝐴𝑅(𝑑𝑎𝑡𝑎,𝑤,𝑥) (4.4) 

 

The HSAR(·) function takes three input variables; data, w, and x. The rw(·) 

function is included in it, so the first two variables are necessary for the identification 

of regional peaks and bottoms (see previous section). The third variable “x” is the 

desired percentage distance of each bin. All the local peaks and bottoms (l) identified 

by rw(·) construct the vector PB(equation 4.5). 

 

𝐏𝐁 =  l1, l2,… , ln  (4.5) 

 

Denote P1 and Pn as: 

 

P1 = min 𝐏𝐁  1 − x/2  (4.6) 

Pn = max 𝐏𝐁 (1 + x/2) (4.7) 

 

The number of bins “n” should satisfy the following equation. 

                                                             
29

 For example, when observing the frequencies of peaks and bottoms between two bins (b a 

and bb) whose bounds are 10 to 11 and 20 to 21 respectively then the corresponding 

percentages would be 10% and 5% respectively. In other words in the first case a HSAR is 

defined which includes locals that can distance greater than those included in the second 

HSAR. 
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P1 1 + x n = Pn  (4.8) 

 

Solving by n: 

n = log 1+x  
Pn

P1
  (4.9) 

 

Equation 4.9 can be easily solved by recalling the following logarithmic property: 

 

loga b =
log k b

log k a
⟹ log 1+x  

Pn

P1
 =

ln 
P n
P 1
 

ln 1+x 
 (4.10) 

 

The actual number of bins (nact) must be an integer number and it results by 

rounding n to the closest integer. Due to this change variable “x” has to be 

reconsidered. The new estimated percentage distance of each bin “xact” must satisfy 

the following equation: 

 

P1 1 + xact  
nact = Pn  (4.11) 

 

Solving by xact : 

xact =  
Pn

P1

n act
− 1 (4.12) 

 

Closing prices, adjusted for dividends and splits, of Microsoft Corporation 

(MSFT) traded at NASDAQ for the period 3-Jan-2000 to 1-Dec-2010 are illustrated 

in Figs 4.1 and 4.3. When a rolling window of 50 days and a desired percentage bin 

distance (x) of 3% is applied HSAR(·) identifies 15 HSAR levels. This number 

reduces to 8 when the rolling window is doubled. In Figs. 4.2 and 4.4 the 

corresponding histograms are presented showing the discrete price intervals (bins) of 

different width. These differences in bins‟ widths results because we keep the desired 

percentage distance at a constant level. Only price areas (bins) with frequencies 

greater or equal to two are considered as HSAR. The bins‟ mean prices which 

correspond to the identified HSAR are tabulated in Table 4.1. 
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Figure 4.1: HSAR identified on MSFT. Number of bins: 39, xact=0.03, 

rolling window used: 50 days 

 

 

 

 

Figure 4.2: Histogram corresponding to Fig. 4.1. 
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Figure 4.3: HSAR identified on MSFT. Number of bins: 28, xact = 0.0305, 

rolling window used: 100 days 

 

 

Figure 4.4: Histogram corresponding to Fig. 4.3. 

 

This process lacks validity since it uses future information. Any effort to 

evaluate the predictive power these SAR levels would be characterized as ad-hoc. 

More concretely, we cannot evaluate the performance of a given SAR, estimated at 

time t, if for identifying it, locals observed after this time are used. To deal with this 

problem, and to eliminate any bias suspicions, the daily SAR levels are drawn with 

the following process: 
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Table 4.1: Descriptive data for Figs. 4.1-4. 

Panel A: HSAR identified with a rolling window of 50 days and x of 3% 

Number of HSAR 1 2 3 4 5 6 7 8 

Mean price of each bin 16.92 19.61 20.19 21.42 22.06 22.72 23.41 24.11 

Frequency 2 3 3 5 3 3 5 3 

Number of HSAR 9 10 11 12 13 14 15 
 

Mean price of each bin 24.83 25.57 26.34 27.13 28.78 29.64 30.53 
 

Frequency 4 8 3 2 3 3 3 
 

Panel B: HSAR identified with a rolling window of 100 days and x of 3% 

Number of HSAR 1 2 3 4 5 6 7 8 

Mean price of each bin 19.71 23.60 24.32 25.06 25.82 28.26 29.12 30.92 

Frequency 4 2 2 3 3 2 3 2 

Notes: Panels A and B correspond to Figs 4.1-2 and 4.3-4 respectively 

 

Firstly a preliminary process is necessary where, for each stock price series the 

first 2 years (approximately 500 trading days) are used to identify existed horizontal 

SAR levels with the HSAR(·) function. Subsequently, on every successive day (t) the 

same function estimates the new HSAR using all closing prices from the initial till the 

former observation (t-1). Fig. 4.5 illustrates the SAR levels estimated on a daily basis 

for Microsoft security. The evaluation of the performance of these levels is actually a 

back-testing process. 

 
Figure 4.5: HSAR identified on Microsoft’s stock price series on a daily basis. To 

simplify the illustration, only SAR distanced within (1±20%) of each spot price are 

presented. 
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4.5 Data and the Design of Trading Rules 

 

The aforesaid rule-based identification mechanism is applied on the stocks that 

compose the NASAQ and NYSE indices. On August 2010 a dataset of 3803 stocks 

from NASDAQ and NYSE was composed. The data used are daily adjusted closing 

prices, and the requested time period for the dataset‟s construction is from 31 July 

1990 to 31 July 2010. We use a filter similar to that implemented in (Lo, et al., 2000; 

Marshall, et al., 2009; Mizrach & Weerts, 2009). The stocks that had no available 

closing prices at all, and the stocks that had no available closing prices for the years 

requested were excluded. Furthermore, for each individual stock we counted the 

number of nontrades for each year. Stocks that presented at least one year with 

missing values at a percentage greater than 5% were also excluded. After these filters, 

the remainder dataset consists of 232 stocks from NASDAQ and 501 stocks from 

NYSE. Remaining missing values were completed with a linear regression applied on 

the available values realized before and after the missing ones. 

The evaluation of the HSAR‟s predictive power consists of two tiers. The first 

evaluation examines if these levels can successfully predict trend reversals in a 

manner similar to the one used by Osler (2000). The second tier examines if trading 

based on the signals that these levels generate can be characterized as profitable. All 

the tests were implemented on the whole sample period and on three, equally length 

sub-periods of 6 years
30

, to reduce data snooping biases (Brock, et al., 1992; Chong & 

Ng, 2008; Park & Irwin, 2004).  

Assume that on day (t) the price (Pt) is found to be within the bounds of a 

support or resistant level. If the previous day‟s closing price (Pt-1) was above (below) 

the HSAR zone then a “Hit” occurs and a case of support (resistant) level is realized. 

It is also possible for Pt-1 to be inside this zone. In such case the comparison is made 

with the nearest previous observation (Pt-n) that was outside this zone. Afterwards, we 

look for the first forthcoming day (t+m) where the price breaches the HSAR zone 

either upwards or downwards. In case of a support level when this penetration is 

upwards (downwards) then a “Bounce” (“Failure”) occurs. The converse stands for a 

resistant level. We kept the terminology used  in (Osler, 2000) and the ratio of times 

                                                             
30

 The first two years are used for the preliminary estimation of SAR for the first sub-period 

and for the whole sample period. The second and third sub-periods of comparison use for the 

same purpose all previous, available information. 
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the price bounces to the number of actual hits will be referred hereafter as “bounce 

frequency”. Obviously a bounce signifies a trend interruption and a failure represents 

a trend continuation. A theoretical example of this process, regarding a support case is 

illustrated in Fig. 4.6. The description for a resistance level is analogous. 

 

 

Figure 4.6: A theoretical example of a horizontal support level. A “hit” is signaled at 

the time price enters into the support zone from above. Subsequently, a bounce or a 

failure occurs when price exits this zone upwards or downwards respectively. 

 

The evaluation of estimated SAR, concerning their trend-interruption 

predictability, is implemented by comparing the bounce frequencies they generate 

with those realized by artificially generated ones. More concretely, on every trading 

day, ten randomly generated HSAR levels (5 for supports and 5 for resistances) are 

implemented using the following algorithm: 

 

𝐻𝑆𝐴𝑅𝑡𝑖 = 𝑃𝑡(1 ± 𝑧𝑡𝑖𝑟𝑎𝑛𝑔𝑒) (4.13) 

 

In the above algorithm, t represents the trading day, HSARti is the ith artificial 

HSAR, Pt is the closing price and zti are pseudorandom numbers, drawn randomly 

with replacement from a uniform distribution, within the open interval (0, 1). The 

range for a given stock is actually the largest absolute daily return observed in that 

stock price series within the sub-period of comparison. By this process on a given 

price series are generated approximately 45000 artificial supports and resistance 

levels.
31

 The empirical results concerning the evaluation of HSAR levels as efficient 

trend-predictors are presented in Section 4.6. 

                                                             
31

 The number 45000 results by creating 10 artificial SAR, for every one of the 250 trading 

days per year, for 18 years. 
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Even if HSARs are able to predict trend reversals, what is of prime importance 

is to examine if trading signals generated by these levels are able to realize 

systematically statistical significant excess returns. For this analysis two different 

trading rules are implemented. In the first one (TR1), a trade signal occurs after a 

bounce with one day lag to avoid cases of nonsynchronous trading (Bessembinder & 

Chan, 1995; Wang & Chan, 2007, 2009). The type of the initial position depends on 

the type of the HSAR. More concretely, in case price bounces on a support 

(resistance) level an initial long (short sell) position is taken respectively. This trading 

rule refers to those investors who believe that there are more chances for a support or 

resistance level to act as a trend-reversal, rather than a trend-continuation indicator. 

Conversely, for investors who prefer investing after HSARs are being penetrated, we 

use a second trading rule (TR2) which signals a long (short sell) position after price 

breaches a resistance (support) level (case of failure in Fig. 4.6) (De Zwart, et al., 

2009). Likewise, in this trading rule the initial positions are set with one day lag. In 

both trading rules the initial positions are closed after fixed sets of holding periods 

(HP hereafter). Two sets are used for this purpose; one short term (HPs) and one 

medium term (HPm). 

 

𝐻𝑃𝑠 =  1: 1: 20  (4.14) 

 

𝐻𝑃𝑚 =  22: 2: 40  (4.15) 

 

HPs set includes days of 1 day lag till 20 days lag with a step of 1 day. This 

means that the initial positions are closed after 1, 2, 3, …, 20 days. The second set of 

holding periods can be interpreted analogously. Therefore, a total of 30 different 

holding periods are used at each trading rule. In cases where the day that the initial 

position has to be closed is beyond the available sample period, the position is closed 

on the last observation. This rare situation can occur in case that a trade signal is 

realized at the last available observations of the dataset used. Returns generated by the 

above trading rules are compared with the corresponding market returns in a manner 

similar with the one used in (Leigh, et al., 2004; Wang & Chan, 2007, 2009). 

Empirical results of this analysis are presented in the following section. 
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4.6 Empirical Results 

 
In this section, it is being evaluated firstly the ability of HSAR to predict trend 

reversals (“Bounce analysis”), and secondly if trading signals are able to generate 

systematically abnormal returns (“Profitability analysis”). For brevity reasons, due to 

the size of the used dataset, most results are presented with a graphical representation 

instead of tabulating them. The results presented in this section correspond to HSAR 

levels identified with a rolling window of 100 days and a desired bin‟s distance of 

3%. Any further parameterization does not affect the empirical findings.
32

  

 

4.6.1 Bounce analysis (Trend reversal predictions) 

 
The first part of this analysis includes the evaluation of HSAR as trend-reversal 

predictors. Osler (2000) reports that published support and resistance levels 

outperform artificial ones by comparing the relative bounce frequencies. A similar 

approach is followed in this section and results confirm the aforementioned finding in 

both NASDAQ and NYSE exchanges. By scrutinizing further these results it is found 

that, in both exchanges, only support levels actually predict trend reversals statistical 

significantly. In fact the superior performance of support levels compensates for the 

poorer performance of resistance levels, and this constitutes the overall picture of 

HSAR as efficient (Figs.4.7 and 4.8). Inspired by the title of (Osler, 2000) this part of 

this analysis could be titled as “supporting supports and resisting resistances”. 

For each stock the corresponding bounce frequency is calculated for the 

estimated (B
e
) and artificially (B

a
) created HSAR. Subsequently, we count the number 

of stocks where the estimated HSAR levels realize greater bounce frequencies than 

those created from the artificial ones. Purporting that estimated HSAR are not 

efficient, this proportion should not be substantially greater than a probability of 50% 

which is attributed to pure chance. In such case the actual probability of observing 

B
e
> B

a
 will conform to the binomial distribution. 

                                                             
32

 Rolling windows of 50 and 150 days and desired distances of 2%, 4% and 5% are also 

implemented. 
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Figure 4.7: Bounce frequencies for stocks traded at NYSE. Stars symbolize bounce 

frequencies created by estimated SAR, and circles those created by artificial ones. The 

first sub-plot corresponds to the combined picture of SAR, where the other two 

illustrate bounce frequencies for support and resistance levels separately. 

   

 

Figure 4.8: Bounce frequencies for stocks traded at NASDAQ. The description of this 
figure is analogous with Fig 4.7.    

 

 

More concretely we can view each stock as a “Bernoulli trial” in which B
e 

> 

B
a
 is a random event with a probability of success of 50%. For both exchanges and for 
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all sub-periods of examination, the bounce frequencies of the combined estimated 

support and resistance levels and of the isolated estimated support levels outperform 

the corresponding artificial ones in more cases than expected by true chance (Table 

4.2). This is not the case for the resistance levels. A right tail z-test is performed since 

we care on the cases where B
e 

> B
a
 are substantial greater than 50%. Only z-values 

corresponding to support levels and HSAR levels as a whole are positive and 

statistically significant at 1% level. This suggests that price bounces more often than 

would be expected by true chance on HSAR, and support levels, and less often in 

cases of resistance levels. Furthermore, the z-values of support levels are much greater 

than those concerned the combined HSAR which explains the superiority of supports 

compared with resistances. This superiority constitutes combined HSAR as efficient 

trend-reversal predictors. 

 

Table 4.2: Bernoulli for HSAR levels 

  NASDAQ       NYSE     

  All SAR Supports Resistances   All SAR Supports Resistances 

B
e
>B

a
 176/232 213/232 72/232 

 

384/501 484/501 121/501 

Mean 116 116 116 

 

250.5 250.5 250.5 

Sigma 76.158 76.158 76.158 

 

111.915 111.915 111.915 

z-stat. 7.8784*** 12.7367*** -57.775 

 

11.9287*** 20.8640*** -115.713 

p-value 0.0000 0.0000 1.000   0.0000 0.0000 1.000 

Notes: The cases where B
e
>B

a 
are observed and it is estimated if this proportion is statistical significant 

greater than the one realized by true chance (50% probability). The results concern both stock markets and 

the whole period of examination. 

*** represents statistical significance at the 1% level. 

 

Osler (2000) used published support and resistance levels provided by six 

firms. Three of these firms provided estimated strengths at each one of their published 

SAR. These strengths took values from 1 to 3 with the value of 3 being the strongest. 

Concerning the importance of these “strengths” she states: “In short, published 

estimates of the strength of the levels do not seem to be useful”. According to TA, it is 

believed that the number of locals that generate a specific SAR is of prime 

importance. A relevant statement is found in the description of trendlines in (Pring, 
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2002). More concretely, he mentions: “A trendline derives its authority from the 

number of times it has been touched or approached; that is, the larger the number, 

the greater the significance. … a trendline represents a dynamic area of support and 

resistance”. Consequently, we can classify the bounce frequencies of HSAR levels 

based on the number of locals used for their identification. We could argue that we 

can treat them as relevant “strengths” of each HSAR. The results for both markets for 

the whole sample period are presented in Fig. 4.9 and Table 4.3.  

It is obvious from the graphical representation that the number of locals does 

not affect the bounce frequencies with an exception the seventh strength (8 locals) in 

the case of NYSE. In this case we would expect a much greater bounce frequency 

since 8 locals are the greatest strength of this market but actually the bounce 

frequency is much lower compared with the other weaker “strengths”. But the number 

of observations in this case is extremely low so we cannot extract any rigorous 

conclusion from it. In other cases the number of observations is sufficiently great so 

we proceed with the following test.  

 

 

Figure 4.9: Locals’ effect on bounce frequencies. 
 

Bounce frequencies generated by every possible pair of strengths are 

compared. Specifically, the comparison between the bounce frequencies generated by 

HSAR with the second and first strengths (three and two locals respectively) is 
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symbolized as “2 →1”. In case of NASDAQ, stock prices hit HSAR (irrespectively if 

these HSAR are support or resistance levels) 26,868 times. These SAR levels are 

drawn by two locals. 16,386 of those hits are recorded as bounces, giving a bounce 

frequency of 60.99 %. If the strength of HSAR is meaningful, HSAR created by three 

or more locals should realize greater statistically significant bounce frequencies. Each 

hit is treated as a “Bernoulli trial” that has two possible outcomes: success (bounce) or 

failure. The probability of having a bounce is given by the bounce frequency of the 

weaker strength. In our example (2 →1), prices hit HSAR of three locals 6,661 times 

and bounce 4,066 times. Is this bounce frequency (61.04%) greater and statistically 

significant than the one generated with “two-local” strength (60.99%)? With 6,661 

being the number of trials, and the bounce frequency of the weaker strength (60.99%) 

being the probability of success of each trial, we calculate the mean and SD (standard 

deviation) for the binomial distribution. Denote mean1 and sigma1 the mean and the 

SD calculated with the number of trials (hits) of the superior strength and a 

probability of success the bounce frequency generated by the weaker strength.  

Subsequently we perform a “right-tail” z-test of the null hypothesis that the number of 

bounces generated by the strongest strength is a random sample from a normal 

distribution33 with mean “mean1” and SD “sigma1”, against the alternative that the 

mean is greater than the mean1. The same process is followed for all comparisons 

between all pairs of strengths. Furthermore, we examine the importance of strengths 

in isolated support and resistance levels. For brevity, only the results of NASDAQ are 

presented (Table 4.4). Results are aligned with the ones reported by Osler (2000). The 

number of locals that generate HSAR seems to be irrelevant with the bounce 

frequencies realized. 

                                                             
33

 If the number of trials “n” is great enough and neither p (probability of positive outcome) 

nor q (probability of negative outcome) is close to zero then a standard normal distribution 

can approximate a binomial distribution sufficient well with a variable 𝑧 =  𝑋 − 𝑛𝑝  𝑛𝑝𝑞  , 

where X is the number of successful trials. In practice the approximation is very good if np 

and nq are greater than 5 (Murray, 1975). 
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Table 4.3:  Data corresponding to Fig. 4.9. 

  NASDAQ       

 

NYSE           

All SAR 

       

  

     Locals 2 3 4 5 6 

 

2 3 4 5 6 7 8 

Hits 26,868 6,661 1,835 382 116 

 

58,716 14,954 3,784 908 146 25 10 

Bounces 16,386 4,066 1,095 235 65 
 

35,680 9,006 2,308 531 92 17 3 
Bounce Freq. (%) 60.99 61.04 59.67 61.52 56.03 

 

60.77 60.22 60.99 58.48 63.01 68.00 30.00 

              Supports 

             Locals 2 3 4 5 6 

 

2 3 4 5 6 7 8 

Hits 13,601 3,321 948 212 62 

 

29,327 7,714 1,923 459 70 7 6 

Bounces 8,285 2,007 564 136 38 
 

18,267 4,801 1,187 276 43 4 2 
Bounce Freq. (%) 60.91 60.43 59.49 64.15 61.29 

 

62.29 62.24 61.73 60.13 61.43 57.14 33.33 

              Resistances 

             Locals 2 3 4 5 6 

 

2 3 4 5 6 7 8 

Hits 13,267 3,340 887 170 54 
 

29,389 7,240 1,861 449 76 18 4 
Bounces 8,101 2,059 531 99 27 

 

17,413 4,205 1,121 255 49 13 1 

Bounce Freq. (%) 61.06 61.65 59.86 58.24 50.00   59.25 58.08 60.24 56.79 64.47 72.22 25.00 

Notes: For both stock markets, for the whole sample period, and for support and resistance levels (both isolated and combined) are 

tabulated the number of locals used to estimate these levels, the corresponding hits, bounces and “bounce frequencies”.   
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Table 4.4: Testing the importance of strengths. 

 

Compare 2 →1 3 →1 4 →1 5 →1 3 →2 4 →2 5 →2 4 →3 5 →3 5 →4 

All SAR N. Trials 6,661 1,835 382 116 1,835 382 116 382 116 116 

 

Prob. 0.6099 0.6099 0.6099 0.6099 0.6104 0.6104 0.6104 0.5967 0.5967 0.6152 

 

N. Suc. 4,066 1,095 235 65 1,095 235 65 235 65 65 

 

Mean 4,062.54 1,119.17 232.98 70.75 1,120.08 233.17 70.81 227.94 69.22 71.36 

 

Sigma 398.095 208.947 95.334 52.535 208.898 95.312 52.523 95.879 52.835 52.403 

 

z-stat. 0.0868 -11.566 0.2117 -10.942 -12.008 0.1917 -11.055 0.7364 -0.7982 -12.143 

 
p-value 0.4654 0.8763 0.4162 0.8631 0.8851 0.4240 0.8655 0.2307 0.7876 0.8877 

Supports N. Trials 3,321 948 212 62 948 212 62 212 62 62 

 
Prob. 0.6091 0.6091 0.6091 0.6091 0.6043 0.6043 0.6043 0.5949 0.5949 0.6415 

 

N. Suc. 2,007 564 136 38 564 136 38 136 38 38 

 

Mean 2,022.82 577.43 129.13 37.76 572.88 128.11 37.47 126.12 36.88 39.77 

 

Sigma 281.198 150.239 71.047 38.421 150.561 71.200 38.504 71.478 38.654 37.761 

 

z-stat. -0.5626 -0.8937 0.9671 0.0614 -0.5896 11.079 0.1385 1.3824* 0.2888 -0.4695 

 

p-value 0.7132 0.8143 0.1668 0.4755 0.7223 0.1339 0.4449 0.0834 0.3864 0.6807 

Resistances N. Trials 3,340 887 170 54 887 170 54 170 54 54 

 

Prob. 0.6106 0.6106 0.6106 0.6106 0.6165 0.6165 0.6165 0.5986 0.5986 0.5824 

 

N. Suc. 2,059 531 99 27 531 99 27 99 27 27 

 

Mean 2,039.40 541.60 103.80 32.97 546.84 104.81 33.29 101.76 32.32 31.45 

 

Sigma 281.806 145.224 63.577 35.832 144.814 63.398 35.731 63.912 36.021 36.240 

 

z-stat. 0.6954 -0.7301 -0.7553 -16.668 -10.935 -0.9156 -17.607 -0.4322 -14.781 -12.278 

  p-value 0.2434 0.7673 0.7750 0.9522 0.8629 0.8201 0.9609 0.6672 0.9303 0.8902 

Notes: For stocks traded at NASDAQ, it is being evaluated if the strength characterising HSAR is meaningful. Each “hit” is treated as a Bernoulli trial with two 

possible outcomes; success (bounce) or failure. The probability of success in each pair of comparison is the bounce frequency realized from the inferior strength. 

Mean and Sigma are the corresponding mean and standard deviation. z-stat and p-values result after performing a right tail z-test 
* represents statistical significance at the 10% level.  
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4.6.2 Profitability Analysis 

 
The former analysis regards the evaluation of HSAR as efficient trend reversal 

predictors. As presented in the previous section, estimated support levels sign trend 

reversals more successfully than random chosen, artificial ones. This performance is 

not adequate to characterize the HSAR as efficient. What is of prime importance is to 

answer the following question: Can this automatic identification system generate 

systematically, statistically significant excess returns? Even if the aforementioned 

system generates positive trading returns, these returns have to be compared with a 

buy and hold strategy to examine the potential presence of excess returns. Only in that 

case we could argue that HSAR produce incremental profits compared with the profits 

generated by the market. For this reason, in this section it is being presented the 

corresponding profitability analysis. For brevity, most results regard the first trading 

rule presented in section 4.5. The reason is that, since the bounce analysis showed 

efficiency in the predictability of trend reversals we could expect the first trading rule 

to have more chances in producing systematically excess returns. Results in this part 

of the thesis, confirm this, but even the superiority of the first trading rule is not 

sufficient enough to characterize the examined markets as weak form inefficient.   

The returns used here are logarithmic. After calculating the logarithmic 

returns
34

 produced by the trading rules, a comparison is implemented with the market 

average returns in a manner similar with that used in (Leigh, et al., 2004; Wang & 

Chan, 2009). 

 

𝑀𝑒𝑎𝑛 𝑀𝑎𝑟𝑘𝑒𝑡 𝑅𝑒𝑡𝑢𝑟𝑛 =
 𝑙𝑛 (𝑃𝑡+𝑞/𝑃𝑡)𝑛
𝑡=𝑚

𝑛−𝑚+1
 (4.16) 

 

Here, Pt is the adjusted closing price on trading day t, q is the holding period, 

and finally m (n) is the first (last) trading day in the sub-period of comparison. 

Actually, the numerator of the above formula creates different distributions of market 

returns for every single holding period (q), in a sense that we buy every day and hold 

for q days. The excess profit is calculated by subtracting the mean market return from 

the mean trading rule return. Since we care for the statistical significance of positive 

                                                             
34

 The results reported in this part are robust, and not affected with a use of arithmetic returns. 

The choice of logarithmic returns was to enhance the code performance by taking benefit of 

the logarithmic returns‟ properties. For example, sums of logarithmic returns over a time 

interval, give the logarithmic return for that interval. 
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excess returns, the comparison between the mean market return and the mean trading 

rule return is managed by a two-sample, one-tailed, unequal variance 

(heteroskedastic) Student‟s t-test. Trade returns generated by initial short positions are 

analogously compared with the market returns generated by short selling and holding 

for the aforementioned sets of holding periods. 

 

 

 

Figure 4.10: Spotting abnormal returns for TR1.The black points in the above binary 

images indicate the cases where a given stock for a given holding period generates 

statistically significant excess returns for a significance level of 5%. The test 

implemented is a two-sample, one-tailed, unequal variance (heteroscedastic) Student‟s 

t-test. Left (right) sub-images correspond to support (resistance) levels, and upper 

(lower) sub-images regard NASDAQ (NYSE) stock market. The results are for the first 

trading rule (TR1) and for the whole sample period. 

 

Figs. 4.10-11 consists of four binary imagies which illustrate the cases where a 

given stock for a given holding period realizes statistically significant excess returns, 

for a significance level of 5%. The vertical axis of each sub-image corresponds to the 

stocks and the horizontal axis to the number of the holding periods respectively. 
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Figure 4.11: Spotting abnormal returns for TR2. 

 

Black dots consist the minority so the first indication we take is that at most 

stocks, the trades signaled by HSAR cannot outperform a simple buy and hold 

strategy. In case of NASDAQ resistance levels, compared with support levels, seem to 

generate statistically significant excess returns in more stocks. The oposite holds for 

NYSE stocks, but generally the differences between supports and resistance levels‟ 

profitability are commensurate nuance. In cases where the black dots are 

characterized by continuity, horizontal black lines are obvious. These rare cases 

correspond to the stocks where HSAR predict major trend reversals which last for 

relative long period of time. The picture for TR2 is exacerbated (Fig. 4.11).  

The same analysis is implemented for all sub-periods of comparison, and the 

results can be seen in Fig. 4.12. Concerning support levels a mild improved 

performance can be seeen in the second subperiod of comparison in longer term 

holding periods. Generally the number of stocks that generate excess returns is 

dismally low, in both markets and for all sub-periods of comparison, proportionaly to 

the initial size of our sample. 
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Figure 4.12: The breakdown of the profitability to sub-periods of comparison (TR1). 

These plots illustrate the number of stocks that present statistically significant excess 

returns (at a significance level of 5%), when the first trading rule (TR1) is used, for the 

various sub-periods. 1, 2 and 3 sets of bars correspond to the three sub-periods of 

comparison and the fourth to the whole sample period. Each set of bars includes 30 bars 

for every different holding period.  

Fig.

 

Figure 4.13: The breakdown of the profitability to sub-periods of comparison (TR2). 
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4.6.3 Consistency 

 
But still these results are not enough to characterize HSAR as inefficient. Is it possible 

to “beat” the market if we isolate the stocks that realize statistically significant excess 

returns in former sub-periods? In other words, after running our simulation for the 

first sub-period, would the “profitable” stocks be also “profitable” to the subsequent 

sub-period? Table 4.5 tabulates the results that evaluate the consistency of the 

profitability of HSAR on subsequent sub-periods. For example, in NYSE stocks 23 

out of 501 stocks realize abnormal returns in the first sub-period in more than 15 

different holding periods. Again, each stock is treated as a Bernoulli trial. The success 

here is the generation of abnormal returns for more than the half holding periods. If 

the probability of observing abnormal returns in each sub-period is attributed in pure 

chance then the same stock would realize abnormal returns in two subsequent sub-

periods would be 0,25 and in all three 0,125. The process is similar with the one 

presented in the previous section but the criteria for approximating a binomial 

distribution with  a standard normal distribution are not fulfilled so these results are 

only supplementary to this study to provide a more complete picture for the evaluation 

of the support and resistance levels‟ profitability. They should not be taken into 

consideration though as robust evidence. These results indicate no consistency to the 

profitability of HSAR levels during subsequent sub-periods. 

Regarding the second trading rule (TR2) the profitability analysis shows 

exacerbated results. In this case there are even less cases of stocks that generate 

systematically, statistical significant excess returns. Also for this trading rule no 

consistency, between sub-periods of comparison, was found. 
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Table 4.5: Consistency in generating excess returns in subsequent sub-periods. 

 
NASDAQ 

   
NYSE 

  Sub-period 1
st
 2

nd
 3

rd
 

 
1

st
 2

nd
 3

rd
 

N. successes/ initial 

sample 8/232 13/232 14/232 

 

23/501 47/501 33/501 

Pr. 0.5 0.5 0.5 

 

0.5 0.5 0.5 

Mean 116 116 116 
 

250.5 250.5 250.5 
Sigma 76.158 76.158 76.158 

 

111.915 111.915 111.915 

z-stat. -14.18 -13.52 -13.39 

 

-20.33 -18.18 -19.43 

p-value 1.000 1.000 1.000 
 

1.000 1.000 1.000 

        N. successes/ initial 

sample 1/232 
  

1/501 
 Pr. 0.25 

  

0.25 

 Mean 58 

  

125.25 

 Sigma 65.955 
  

96.921 
 z-stat. -86.423 

  

-128.197 

 p-value 1.000 

  

1.000 

 

 

  

  

  

 N. successes/ initial 

sample 
 

1/13 
  

2/47 
Pr. 

 

0.25 

  

0.25 

Mean 

 

3.25 

  

11.75 

Sigma 
 

15.612 
  

29.686 
z-stat. 

 

-14.412 

  

-32.844 

p-value 

 

0.9252 

  

0.9995 

        N. successes/ initial 

sample 0/232 

 

0/501 

Pr. 0.125 
 

0.125 
Mean 29 

 

62.625 

Sigma 50.374 

 

74.025 

z-stat. -57.570 
 

-84.600 
p-value 1.000   1.000 

Notes: Here it is being tested if the number of stocks that realize statistical significant excess 

returns above half of the available holding periods (more than 15 holding periods) is not 

attributed on pure chance. The test is for each sub-period separately, and for subsequent sub-
periods (thus testing the consistency). The results regard both markets, TR1 and only support 

levels. 

 

4.7 Summary and Conclusions 

 

Concerning HSAR levels, the proposed method encloses principles found in well 

known technical manuals for the identification of support and resistance levels with 

visual assessment. Since most other articles identify support (resistance) levels as the 

previous lowest (greatest) price, the comparison of the aforementioned findings is 
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being made with those presented in (Curcio, et al., 1997; Osler, 2000)35. The reason 

that these two studies are used as benchmark, is that the evaluated support and 

resistance levels had been published by proficient firms rather than calculated by 

simple arithmetic rules. 

After identifying successfully HSAR, an examination is implemented with a 

bootstrap technique (Efron, 1979, 1982) in order to decide whether these levels are 

efficient trend-reversal predictors (“bounce analysis”), and if they can generate 

systematic abnormal returns (“profitability analysis”). The presented results 

corroborate the most basic conclusions reported in the aforementioned studies of 

comparison. Regarding the “bounce analysis”, stock prices of the examined dataset 

bounce on estimated support levels more often than would have occurred had the 

HSAR been randomly chosen. This constitutes support levels as efficient trend 

reversal predictors. On the other hand, estimated resistance levels failed to outperform 

the artificial ones. The superiority of support levels compensates for the poorer 

performance of resistance levels, and this affects the overall picture of HSAR which is 

generally efficient. Furthermore, it is being examined if the number of locals that 

signal a HSAR has any importance. The number of these locals is treated as a strength 

value for each HSAR level and results indicate that these “strengths” play no major 

role in predicting trend interruptions. “Bounce analysis” confirms some of the main 

findings reported in (Osler, 2000) for currency markets, with the difference that this 

study scrutinizes further the performance of the support and resistance levels 

separately. In the part concerning “profitability analysis”, two different trading rules 

are used: trading after bounces (TR1) and trading after penetrations (TR2). The first 

trading rule, outperforms the second one, as expected, but still, without even 

considering transactions costs, fails to generate systematically statistically significant 

excess returns. This finding confirms the results presented in (Curcio, et al., 1997). 

Furthermore no consistency in the profitable performance is found in the examined 

                                                             
35

 For the examined period, other studies also report results that are in favour of the EMH, 

even though they use different technical indicators. For example, Milionis and Papanagiotou 

(2009, 2011) found no significant predictive power of the moving average trading rule when 

applied on the SP-500 index of NYSE for the period 1993-2005. Kwon and Kish (2002) 

tested the efficacy of a variety of trading rules (the simple price moving average, the 

momentum and trading volume) and they found that in the last sub-period they examined 

(1985-1996) the NYSE index is getting more efficient in information due to technological 

improvements.  
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stock price series, which means that stocks that generate abnormal returns fail to “beat 

the market” across subsequent sub-periods. Results in both analyses are stable across 

all sub-periods of comparisons, and robust to any different parameterization. 

Additionally, suspicions of nonsynchronous trading and data-snooping biases are 

reduced by the manner the corresponding tests were simulated. 

In an effort to explain the aforementioned results, the better performance of 

support levels can be attributed to the generally long term “bullish” trend that 

characterizes the stocks‟ price series of the used dataset. More concretely, a positive 

trend has two main impacts: Firstly, price has more (less) chances to bounce on 

support (resistance) levels rather than breach them. Secondly it generates substantially 

high market returns which eliminate most of the positive trading returns resulted by 

HSAR. Thus, the performance concerning the trend predictability is somehow elusive 

since the profitability tests implemented fail to provide evidence of abnormal returns 

compared with a simple buy-and-hold strategy. 
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CHAPTER 5 

THE HEAD AND SHOULDERS PATTERN (HS) 

 

 

5.1 Introduction 

 
The head and shoulders pattern is one well known zig-zag technical pattern whose 

name (like most technical patterns) comes from its resemblance with the upper part of 

human body. Its description was provided in section 3.3.2. In this chapter we scrutiny 

it further and present an identification methodology along with its empirical results. 

Parts of this chapter were initially presented in (P. Tsinaslanidis & Zapranis, 2008; 

Zapranis & Tsinaslanidis, 2009, 2010a, 2010c). 

This chapter is organised as follows. Section 5.2 presents the proposed rule-

based identification methodology. Section 5.3 presents ways to decide the trend 

preexistence which is a necessary condition to classify the pattern into one of its four 

different forms. Section 5.4 proposed an alternative methodology for identifying the 

pattern, which combines rule-based methodology, template matching techniques and 

artificial neural networks. Section 5.5 describes the design of trading rules applied 

later on the corresponding datasets. Section 5.6 presents a laboratory experiment 

where we examined if the pattern is plausible to be identified in artificially created 

price series. Section 5.7 exhibits the empirical results on real datasets. Finally, section 

5.8 provides a summary and concludes. 

 

5.2 The HS Identification Methodology 

 
The evaluation of the HS pattern‟s predictive power still remains a challenging task to 

implement. Such an attempt can be traced back to 1971 when Levy (1971) evaluated 

the forecasting power of 32 five-points chart patterns. In this set of patterns, the HS 

tops and bottoms patterns were included. One of the first studies that present the 

implementation of the HS pattern‟s recognition with a rule-based mechanism is (Osler 

& Chang, 1995). Several precise criteria that should be met in order to identify the 

aforementioned pattern were set. This study was followed from a number of other 

remarkable studies (Chang & Osler, 1999; Dawson & Steeley, 2003; Lo, et al., 2000; 
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Lucke, 2003) that evaluated the predictive power of various chart patterns
36

, with the 

HS pattern included in them. The criteria mentioned in (Lucke, 2003) for a successful 

identification of the HS pattern consist the basis on which the proposed identification 

mechanism is erected (Zapranis & Tsinaslanidis, 2010a, 2010c). Fig. 5.1 illustrates a 

simplified form of the HS tops pattern. The characteristic components of the pattern 

discussed in section 3.3.2 are being exhibited. 

  

 

 

Figure 5.1: Simplified illustration of the HS tops pattern. The characteristic 

components of the pattern are:  The local peaks (points P0, P1, P2 and P3), the local 

troughs (points T0, T1 and T2), the neckline drawn by points T1 and T2, the head‟s 

height (distance H expressed in price), the shoulders‟ width (distance W expressed 

in days), the point of penetration (point B) and the price target set by the pattern.  

Similarly with (Lucke, 2003), in order to define the HS tops pattern with up-

trend preexistence the following five specific criteria should be satisfied.  

 

HS1. The head must be higher than the shoulders: 

 

𝑃2 > 𝑚𝑎𝑥  𝑃1,𝑃3  (5.1) 

 

HS2. Uptrend preexists: 

 

𝑃1 > 𝑃0  & 𝑇1 > 𝑇0 (5.2) 

 

                                                             
36

 The empirical findings of these studies are presented in section 3.4. 
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HS3. This condition deals with the pattern‟s balance. The left (right shoulder) must be 

at least as high as the midpoint between right (left) shoulder and its preceding 

(following) trough: 

 

𝑃1 ≥ 0.5(𝑃3 + 𝑇2) & 𝑃3 ≥ 0.5(𝑃1 + 𝑇1) (5.3) 

 

HS4. In order to achieve symmetry, the time between left shoulder and head must not 

be more than 2.5 times the time between the head and right shoulder and vice versa: 

 

𝑡𝑝2 − 𝑡𝑝1 < 2.5(𝑡𝑝3 − 𝑡𝑝2) & 𝑡𝑝3 − 𝑡𝑝2 < 2.5(𝑡𝑝2 − 𝑡𝑝1)  (5.4) 

 

HS5. The penetration of the neckline must not happen to long after the formation of 

the right shoulder. If we denote η the time at which the price falls below the neckline 

(point B in Fig. 5.1): 

 

𝜏 < 𝑡𝑝3 + (𝑡𝑝3 − 𝑡𝑝1) (5.5) 

 

The former criteria are crucial since they combine at least 4 technical concepts; 

smoothed trends, trend reversal, resistance levels, and volatility clustering (Lucke, 

2003). 

All the aforesaid criteria are inequalities that include local peaks and troughs 

as variables. The preliminary work for the identification process is done by the rw(·) 

function which identifies these locals. The next step is to construct a 7 by 7 binary 

matrix where the rows refer to the locals sorted by the time of observation and the 

columns correspond to the 5 criteria. When a local peak or bottom satisfies a specific 

criterion it takes the value of one. Otherwise it takes the value of zero. For a 

confirmed pattern a diagonal of “ones” is needed like the one presented in Table 5.1. 

This process is used in (P. E. Tsinaslanidis, 2006; Zapranis & Tsinaslanidis, 2010a, 

2010c). 

Table 5.1: HS pattern identified in ADM stock. 

Obs. P0 T1 P1 T1 P2 T2 P3 Price 

4 1 0 0 0 0 0 0 21.69 

60 0 1 0 0 0 0 0 16.31 

123 0 0 1 0 0 0 0 22.57 

154 0 0 0 1 0 0 0 19.59 

189 0 0 0 0 1 0 0 22.98 

234 0 0 0 0 0 1 0 19.98 

296 0 0 0 0 0 0 1 22.94 

Notes: Compare with Fig. 5.1. 
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The drawback of the proposed method is that it identifies only the first of the 

four potential cases of the HS pattern, which is the normal form with uptrend 

preexistence (reversal pattern). To do so, the matlab function HS(·)  is developed that 

identifies all four different cases (if any) simultaneously (Fig 3.3). To do so, the 

developed script focuses firstly on the pattern‟s from (normal or inverse). From the 

criteria mentioned before, the second one (HS2) is extracted and only the four 

remaining criteria are kept. All corresponding criteria for the inverse form are 

mentioned below. 

 

 

Figure 5.2: Simplified illustration of the inverse form of HS. 

 

As mentioned before, the inverse form of the HS pattern is a mirror image of the 

normal form. This is obvious by the comparison between Figs. 5.1 and 5.2. The 

corresponding criteria for the HS bottoms identification are. 

 

HSI1. The head must be lower than the shoulders: 

 

𝑇2 < 𝑚𝑖𝑛 𝑇1,𝑇3  (5.6) 

 

HSI2. This condition deals with the pattern‟s balance. The left (right shoulder) must 

be at least as high as the midpoint between right (left) shoulder and its preceding 

(following) peak: 

 

𝑇1 ≤ 0.5(𝑇3 + 𝑃2) & 𝑇3 ≤ 0.5(𝑇1 + 𝑃1) (5.7) 
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HSI3. In order to achieve symmetry, the time between left shoulder and head must 

not be more than 2.5 times the time between the head and right shoulder and vice 

versa: 

 

𝑡𝑇2 − 𝑡𝑇1 < 2.5(𝑡𝑇3 − 𝑡𝑇2) & 𝑡𝑇3 − 𝑡𝑇2 < 2.5(𝑡𝑇2 − 𝑡𝑇1)  (5.8) 

 

HSI4. The penetration of the neckline must not happen to long after the formation of 

the right shoulder. If we denote η the time at which the price breaches upwards the 

neckline (point B in Fig. 5.2): 

 

𝜏 < 𝑡𝑇3 + (𝑡𝑇3 − 𝑡𝑇1) (5.9) 

 

5.3 Deciding the Trend Preexistence 

 
After the script identifies the HS pattern the classification based on the trend 

preexistence is plausible by various ways: 

Firstly, for an uptrend preexistence the second criteria mentioned in (Lucke, 

2003) can be used (HS2-equation 5.2). Similarly regardless the pattern‟s form, for a 

downtrend preexistence the following inequalities must be fulfilled: 

 

𝑃1 < 𝑃0  & 𝑇1 < 𝑇0 (5.10) 

 

The second way to characterize the preexistence is by implementing a moving 

average
37

 of “d” days. For a specific number of days before the pattern‟s initial local 

(d
*
), a ratio is calculated.  This ratio equals with the number of days which are above 

the moving average over d
*
. This ratio can take values between 1 and 0. Arbitrarily 

when this ratio takes values above (below) 0.5 then the trend is considered as bullish 

(bearish).
38

  

                                                             
37

 The function used for this calculation is the “tsmovavg(·)” function of the financial toolbox 

of Matlab 2009b. 
38

 Actually in technical analysis there are three different types of trends; Uptrend (or bullish 

trend), downtrend (or bearish trend) and a sideways price movement (or flat trend). On this 

concept the aforesaid ratio can categorize the trend preexistence in one out of those three 

classes. In other words, the trend can be characterized as bullish, bearish or flat when the ratio 

takes values above 0.7, below 0.3 and between 0.7 and 0.3 respectively.  
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Finally a linear polynomial fit
39

 applied on the “d
*
” days that precede the 

pattern can be used to characterize the preceding trend. A polynomial model with a 

degree of one is actually a linear function of type: 

 

𝑓 𝑥 = 𝑏𝑥1 + 𝑎 (5.11) 

 

Where variable “b” is the slope of the line, and variable “a” is the intersection 

of the line with the vertical axis. Actually, this line can be treated as a regression trend 

line. Positive (negative) values of the slope indicate a bullish (bearish) trend. In the 

example of ADM stock (Fig. 3.2) the variables “a” and “b” of the polynomial model 

where estimated on the preceding 100 days of the HS pattern (d
*
=100). Specifically 

b=0.03641   and a=15.54. From the positive value of the slope “b” we can derive that 

the precedent trend is bullish (Fig. 5.3).  

 
Figure 5.3: HS pattern identification with the matlab script on ADM stock. 

Compare with Fig. 3.2. 

 

5.4 An Alternative Identification Method with Neural Networks 
 

Instead of identifying the HS pattern with rule based techniques, in (Zapranis & 

Tsinaslanidis, 2010c) we presented an alternative identification mechanism based on 

artificial intelligence. Actually that method was a combination of rule-based, 

template-matching techniques and neural networks.  

                                                             
39

  Generally, a variety of models (e.g. exponential, Fourier, Gaussian, power and so on.) can 

be used in a fitting process with the “fit(·)” matlab function of the Curve fitting toolbox. 
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Although HS is one of the most known patterns in TA, it is considered to 

occur very seldom. As a result very few verified time series exist and a satisfactory 

large training dataset cannot be created in order to use it as an input to the feed-

forward neural network. To rectify this, simulated data are used. More precisely, the 

Geometric Brownian motion40 is used to create a large number of simulated price 

paths. The Geometric Brownian Motion is given by equation 5.12. 

 
∆𝑆

𝑆
= 𝜇∆𝑡 + 𝜍𝜀 ∆𝑡,                  𝜀~𝛮(0,1) (5.12) 

 

Here, ∆S is the price change in a small time interval Γt, μ is the expected return, σ is 

the volatility of the price series and ε follows a standard normal distribution. The 

Geometric Brownian Motion is considered as a representation of the underlying stock 

price (S) generation mechanism. 

Firstly, 250,000 price paths of 500 observations each, with different 

combinations of drift and volatility rates were constructed. On each price series the 

rule-based mechanism presented in the previous section was applied to identify the 

HS pattern by applying the criteria presented in (Lucke, 2003)
41

. The rule-based 

algorithm identifies the HS pattern in a price path and returns the characteristic points 

(local peaks and troughs) of the pattern. Cases where the pattern is identified or not 

are categorized into two groups in which the target pattern is assigned to value 1 or 0 

respectively.  

However, as already mentioned, the rule-based mechanism based on the 

criteria presented in (Lucke, 2003) is limited and can identify only the pattern that has 

the normal form and an uptrend preexistence. On the other hand, in our proposed 

methodology the network is trained to identify all four cases mentioned in section 

3.3.2. To do so, after the rule based script returns the characteristic regional peaks and 

troughs of the pattern (Fig.5.1), the points of the trend preexistence (P0 and T0) are 

excluded and the intersection between the neckline and the uptrend that preexists 

(P**) is added. In other words, from the initial formation only the part above the 

neckline remains (Fig. 5.4). Hence the network is trained with both cases of the 

normal form of the pattern regardless the trend preexistence. For the identification of 

                                                             
40 For further details about the Geometric Brownian Motion see (Hull, 2006, pp. 263-271). 
41

 The HS pattern can be successfully identified in randomly generated price path (section 

5.6).  
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the HS pattern‟s inverted form, the network can reexamine the same price series after 

multiplying the series with minus one. 

 In order for all the inputs of the network to have the same formation, the 

method mentioned in (Chi, Wu, & Yan, 1995) is applied. Each part of the price series 

is converted into a binary 64×64 matrix.  This can be achieved by scaling the prices 

and the days of the price series between 1 and 64 and rounding them toward the 

closest integer. This results in the coordinates which prices are represented by ones on 

the 64×64 matrix. The value of zero is assigned to the remaining prices of the matrix. 

For the improvement of the network the initial binary matrix is bordered into 4×4 sub-

blocks resulting in a 16×16 matrix where each point expresses the sum of each sub-

block. So each point of the latest matrix has values between 0 and 16. Finally the 

matrix is converted into a vector ready to be used as an input in the network (Fig. 5.5).   

 

 

Figure 5.4: The characteristic points of the HS pattern with the 
normal form and uptrend preexistence. On the left pattern are 

illustrated the characteristic points of the pattern that the rule based 

mechanism returns. On the right pattern only the characteristic 
points that are going to be included as inputs of the network, are 

being presented. 

At this point a forward looking perspective of the proposed methodology 

should be considered. The HS pattern can be identified at different time periods with 

different sizes. For example, it is possible that the pattern is sort termed with a length 

of 30 days or long termed with a length of 250 days. The network, after the training 

stage, it will try to identify the pattern in new price series at different time intervals. 

This will have an impact in the 64×64 binary matrix. For larger period of times after 

the scaling of the price series there will be more points in the matrix with the value of 

one. In other words this will affect the “thickness” of the price series when viewed in 
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the binary matrix. To overcome this problem the network is trained with inputs of 

different thickness. 

Recall that the rule based script which creates the input vectors, returns from 

the stochastic price series local peaks and troughs of the corresponding HS patterns. 

Before the scaling, a linear connection between those locals is applied. By this, the 

noise between those locals is extracted. In other words, the main structure of the 

pattern is isolated without taking into account the price‟s fluctuation between 

subsequent locals. The thickness parameter mentioned before, helps to deal with the 

noise realized at the price series when the network is used for identification. In Fig. 

5.5 is illustrated a case where a thickness level of one is applied.  

 

Figure 5.5: Input conversion. Converting price series first into a binary 

matrix then into a Subtotals-matrix and finally into a column vector. 

Another key point to the preparation of the data is the slope of the neckline. 

More precisely the slope of the neckline can vary. In order to include in the inputs of 

the training stage more symmetrical HS patterns, the 30% of the cases with the 

highest and another 30% of the cases with the lowest necklines‟ slopes are excluded. 

This is an additional criterion compared to those presented in (Lucke, 2003).  

For the network‟s training, two thousands different input vectors are used. 

Half targeted with ones, which represent HS pattern cases, and other half targeted 

with zeros that represent cases where the pattern was not identified. In Figs. 5.6-7 are 

illustrated cumulative, three dimensional (3D) distributions of the input binary 

matrixes before they are converted into column vectors. In each figure on the left side 
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are presented the inputs with target one and on the right side the inputs with zero 

target. On the upper side a three dimensional illustration is presented and on the down 

sub-figures a ground plan of the above 3D figures is being presented. Figs. 5.6 and 5.7 

differ in the thickness level applied (Fig. 5.6; thickness level of two, Fig. 5.7; 

thickness level of three). As the level increases, the pattern is more observable. These 

figures can help as to see the whole picture of the inputs used to feed the network. On 

the other hand, at the right sub-figures, which represent cases not including HS 

patterns, a very noisy picture can be viewed. On the corners higher observations are 

identified due to the fact that most input price series had either an uptrend or a 

downtrend. 

 

 

Figure 5.6: Input binary matrices with a thickness level of two.  Upper sub-

figures; Cumulative, three dimensional distributions of the input binary matrices. 
Down sub-figures; a ground plan of the above 3D sub-figures. Left sub-figures; 

Inputs targeted with ones (HS pattern cases). Right sub-figures; Inputs targeted 

with zeros (no HS pattern cases). 
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Figure 5.7: Input binary matrices with a thickness level of three. Upper sub-

figures; Cumulative, three dimensional distributions of the input binary matrixes. 
Down sub-figures; a ground plan of the above 3D sub-figures. Left sub-figures; 

Inputs targeted with ones (HS pattern cases). Right sub-figures; Inputs targeted 

with zeros (no HS pattern cases). 

A two-layer feed-forward network, with tan-sigmoid transfer functions in both 

the hidden layer and the output layer can classify vectors arbitrarily well, given 

enough neurons in its hidden layer. The network‟s aim is to classify a price series 

between two categories. In other words it has to decide whether a specific price series 

is a HS pattern or not. For that reason the network has two output neurons, because 

there are two categories associated with each input vector. With the Neural Network 

Pattern Recognition Tool (nprtool) it is possible for the user to create and train a 

network, and evaluate its performance using mean square error and confusion 

matrices.
42

 

The Scaled Conjugate Gradient algorithm for training is used. The 60% of the 

input patterns is used for training, 20% is used to validate that the network is 

generalizing and to stop training before overfitting and 20% is used as an independent 

test of network generalization.   

In Table 5.2 the confusion matrices for training, testing, validation and an 

overall view are illustrated. Each panel of the table consist of three columns (a, b and 

c) and three rows (1, 2 and 3). The network's outputs are almost perfect, as shown by 

the high numbers of correct responses in the bordered cells (cells a1 and b2) and the 

                                                             
42 For further details about “nprtool” see the product help of The Mathworks, I., Matlab. 2009b. 
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low numbers of incorrect responses in the not bordered cells (cells a2 and b1). The 

lower right bold percentages (cell c3) illustrate the overall accuracies. 

A plot of the training, validation, and test errors, are shown in Fig. 5.9 (left). 

The best validation performance occurred at iteration 67, and the network at this 

iteration is returned. Fig. 5.9 (right) presents the Receiver Operating Characteristic 

(ROC) curve. The ROC curve is a plot of the true positive rate (sensitivity) versus the 

false positive rate (1 - specificity) as the threshold is varied. A perfect test would 

show points in the upper-left corner, with 100% sensitivity and 100% specificity. For 

this problem, the network performs almost perfectly. 

Results of the training, validation, and test state indicate that the network is 

able to classify the input data with a great accuracy. The next step is to apply a multi-

sized rolling window on price series and, then convert the parts of the series into 

forms similar to the ones already mentioned in the training stage. Finally the network 

can be used for identification. 

 

 

In order to apply the network on new price series a multi-sized rolling window 

is used. For example, when a rolling window of 50 days, with a step of one day is 

used, this window scans each time 50 days of the series. The 50
th

 earlier day is 

Table 5.2: Confusion matrices  
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removed and the next day is included. With this procedure the whole price series can 

be scanned. 

But HS pattern can be identified with different sizes, and not only within 50 

days. To deal with this problem a multi-sized rolling window is applied. First the 

rolling window has the same size as the price series. Then the window is halved, and 

rolls with a step of 5 days43 (Fig. 5.8). By incorporating this “divide and roll” 

procedure the network seeks in the price series the HS pattern with different views; 

long term, medium term and short term views. It can be argued that a technical analyst 

does the same, by focusing on the series at different view levels. 

 
 

Figure 5.8: Multi-sized rolling window. 

 

  

 

Figure 5.9: Train, Validation and test error per epoch (left) and Receiver 

Operating Characteristic (ROC) curve (right) 

                                                             
43 The step of 5 days is preferred than a daily step so as to accelerate the identification process 

of the network. 
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In Fig.5.10 it is illustrated the same HS pattern identified in the same price 

series both with our neural network (left sub-figure) and with the rule based 

mechanism (right sub-figure). Generally the network seems to identify most patterns 

identified by the rule-based mechanism. 

 

 

Figure 5.10: Comparison of the rule-based identification mechanism with 
the neural network. The HS pattern identified in a price series both with the 

Neural Network Pattern Recognition Tool (nprtool) of Matlab (left 

subfigure) and with the rule based mechanism (right subfigure). 

 

5.5 The Design of Trading Rules 
 

After the development of a robust pattern identification mechanism, the design of the 

trading rules is of prime importance. For obtaining persuasive results, these rules must 

be set with precise criteria in a manner that simulates the trading activities of an 

investor in real life. The empirical results presented in this thesis are based on two 

different categories of trading strategies. In the simplest category, after the penetration 

of the neckline, the corresponding investment position is taken and held for a 

predefined period.
44

 In addition a more case sensitive trading system is developed to 

capture the investment behaviour of a technician in a more realistic manner. The 

description of this trading system is presented in the following analysis. 

In case of HS tops (HS bottoms) the investor takes a short (long) position as 

soon as price breaches the neckline downwards (upwards). The initial position is 

closed (reversed) at a time determined by the subsequent price behaviour. In practice, 

                                                             
44

 This predefined period could be arbitrarily chosen like the holding periods used in HSAR 

section or it could be equal with the patterns width. 
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after the pattern‟s confirmation, the price path can evolve according to one of the 

three, following, alternative ways (Fig. 5.11). 

 

Case 1: The price evolves exactly as TA asserts. In this case, the initial position is 

closed as soon as the drop (rise) in the price exceeds the target set by the HS tops (HS 

bottoms) pattern. 

Case 2: After the penetration, the price stays below the neckline but not as much as 

predicted by TA. In such case, the initial short position is closed as the time limit set 

by the shoulders‟ width (W) expires. 

Case 3: After the pattern‟s confirmation, the price increases above the limit imposed 

by the neckline, at least for “n” consecutive days. In this case the short position is 

closed after the n
th 

day or at the moment that the price increase results in a 

predetermined accepted “sl%” loss compared with the price the investor initially 

shorted. 

For brevity, the above description and (Fig. 5.11) refer only to the HS tops 

pattern. For the inverse form the respective cases are identified. As mentioned before, 

another option would be to close the initial position after a predefined holding period. 

 

 

 

 
Figure 5.11: Trading rule design for the HS tops pattern. This figure illustrates all three 

possible alternative price evolutions after the pattern‟s confirmation.     
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5.6 A Laboratory experiment 
 

Before proceeding with the presentation of the empirical findings concerning the HS 

pattern, it is worth to present previously the results taken when the pattern was 

implemented on stochastically generated price series. Perhaps the reader passed 

through the point (previous section) where the neural network was fed with patterns 

identified on prices series generated with Geometric Brownian Motion (GBM). 

Should we take for granted that the pattern can be identified in a random series? The 

answer should be negative. 

GBM is considered as a representation of the stock price generation 

mechanism. In (Zapranis & Tsinaslanidis, 2010a) we used different combinations of 

drift and volatility rates and thus generated half a million random price series. When 

the HS pattern recognition mechanism was implemented the pattern was identified 

11.5% of the time! This is a very large figure, especially when it comes from 

randomly generated price series. This finding implies that the HS technical pattern can 

come into existence out of practically pure randomness. This also means that since the 

pattern can be identified in a random series it is reasonable to expect that the same 

stands for real series too. The first one to report a similar finding was Roberts (1959). 

The following excerpt from (Zielonka, 2004) is along the lines of our findings: “…In 

laboratory experiments, subjects are reported to have found patterns in purely 

random sequences of stock prices”. Related is a statement from (De Bondt, 1998, p. 

831):  “Many people: 1. Discover naïve patterns in past price movements, 2. Share 

popular models of value, 3. Are not properly diversified, and 4. Trade in suboptimal 

ways”.  

The aforementioned trading rules were also implemented in order to examine 

whether the pattern has predictive power on randomness. Another finding was that 

although the pattern was identified very often (11.5% of the time), only 27.85% of the 

time is “confirmed” giving a positive expected return (Tables 5.3-4). 

 

Table 5.3: Identification Frequency and Profitability of the HS patterns 

Price evolution 
after identification 

As a percent of the identified 
patterns 

Return 

Min Max Average 

Case 1 16.09% -0.94% 35.04% 6.93% 

Case 2 11.76% -10.62% 37.54% 0.92% 

Case 3 72.15% -13.25% 8.13% -5.10% 

Total cases 100.00% -13.25% 37.54% -2.45% 
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More concretely, after a pattern has been identified, the probability of the price 

evolving as predicted by technical analysis is 16.09% (Case 1). That is, in about 84% 

of the time the price will not evolve as predicted (Cases 2 and 3). If it does, however, 

the average return is 6.93% (expected return if the price evolves as in Case 1).The 

expected return after a pattern has been identified is -2.45%
45

 (including transaction 

costs
46

). Clearly the expected payoff is negative with or without transaction costs 

(2%).  After the penetration the neckline acts successfully as a resistant level only in 

Cases 1 and 2. From Table 5.4, we can see that this situation arises in 27.85% of the 

time, after a HS pattern has been observed. In technical analysis jargon, we can say 

that the pattern is “confirmed” 27.85% of the time. The expected return for the 

“confirmed” patterns is 1.22%
47.

 Similarly, we compute that the expected return when 

there is no “confirmation” of the pattern is -3.68%
48

. These figures are summarized in 

Table 5.4. 

 
Table 5.4: Probabilities and expected returns for confirmed and 

not confirmed patterns 

Pattern confirmation Probability Expected Return 

Yes   27.85%  1.22% 

No   72.15% -3.68% 

Total 100.00% -2.45% 

 

Technical analysts argue that the HS pattern is a pattern being identified rare 

but having great predictive power. Results reported here bring the following question; 

could it be possible investors to see ex-post only the profitable, but with low 

observation frequency, patterns ignoring the whole picture? To answer this question, 

after examining the main characteristics of the pattern, we looked through the prism 

of behavioral finance to interpret our simulation findings. The following conclusions 

were supported by the questionnaire answered by 37 graduate students of the 

University of Macedonia. Students were asked whether they were willing to play a 

game with characteristics identical with those found in the simulation for the HS 

pattern identification (Zapranis & Tsinaslanidis, 2010a). Within our findings, an 

impressive 37.8% of the respondents chose to play a game with negative payoff! In 

                                                             
45

 0.1609×6.93% + 0.1176×0.92% + 0.7215×(-5.1%) = -2.45% 
46

 In this experiment we arbitrary applied 1% transaction cost per trade, thus 2% for opening 

and closing a position.  
47

 0.1609×6.93% + 0.1176×0.92% = 1.22% 
48

 + 0.7215×(-5.1%) = -3.68% 
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addition we asked subjects if they were going to play a game where they could win up 

to 38% and loose no more than 15%. Clearly, the information given is this statement 

is not sufficient for making a decision (actually the expected payoff is negative). 

However, 9 in 10 subjects chose to play the game! Various cognitive biases affect the 

way investors act. Specifically the clustering illusion indicates that many investors see 

patterns where there are none. According to Gilovich (1993) “True chance looks too 

ordered to us!” It seems that a great percentage of investors believe in technical 

patterns‟ predictive power and their investment actions based on this belief force the 

patterns to “work” sometimes. “Confirmation” and “attribution” biases forced by the 

“neglect of probability” and “positive outcome” biases make investors to take excess 

risk and in some cases act illogical. This action can be explained because investors 

focus afterwards only on a small part of the whole, real picture; the part that is 

suitable to them, the cases where the pattern is profitable (Hindsight bias49). 

 

5.7 Empirical Results 
 

The empirical results presented in this section are published in (Zapranis & 

Tsinaslanidis, Forthcoming). The dataset used is the same with the one used in 

(Zapranis & Tsinaslanidis, 2012a) and Chapter 4. More concretely, we used daily 

adjusted closing prices of 232 stocks listed on NASDAQ and 501 stocks listed on 

NYSE for the period July 1990, till the end of July 2010.  

Here we used two different trading strategies concerning the time we short sell 

after the formation of the pattern. In case of the first trading strategy we short sell 

after the fully formation of the HS pattern i.e. the first day that the price penetrates the 

neckline from above. According to the second trading strategy we short sell at the 

earliest day between the day that realizes after the penetration a 2% further drop and 

the fourth successive day that the price stayed under the neckline. With the second 

strategy we actually wait for a small period of time in order to confirm the patterns 

correct formation. Losing a part of our probable profits compensates for this 

reassurance, as we short sell in a lower price level (Section 3.2.1). Actually patterns 

identified by the second trading strategy construct a subpopulation of patterns 

identified by the first one. The time we close our initial position depends on three 

                                                             
49

 Known as the "I-knew-it-all-along" effect; the inclination to see past events as being 

predictable. 

http://en.wikipedia.org/wiki/Hindsight_bias
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different trading rules we apply. These three rules are designed based on the three 

different possible further evolutions of the price series as described in the previous 

section. 

Table 5.5 presents the HS pattern observations and the breakdown of them in 

cases 1, 2 and 3.  From our simulation we found that 96 HS patterns are identified in 

82 out of 232 (35.34%) NASDAQ stocks price series. Concerning NYSE components 

these numbers are 243 patterns in 201 out of 501 price series (40.12%). These 

percentages are much higher from the ones found in (Zapranis & Tsinaslanidis, 

2010a) when the same rule-based identification mechanism was applied on 

stochastically generated price series. This can be attributed on the size of the price 

series since the random series had a length of 500 days, which equal to 2 years, 

whereas these real stock price series have a length of 20 years. The frequencies of 

observations after the breakdown of the HS patterns‟ observations in cases 1, 2 and 3 

are similar in both studies.
50

 By implementing trading strategy 2 we achieve a 

reduction in the number of cases 3 resulting in higher percentages in cases 1 and 2. 

This constitutes the filters implemented (percentage-band filter, a time delay filter) as 

efficient since it extracts only occasions of “Case 3”. This case is expected to 

contribute the most losses in the proposed trading system since this is actually the 

“negative scenario” concerning the further evolution of the price after the pattern‟s 

formation. The next step is to examine the returns generated by the two strategies and 

deter if the filters implemented enhance the performance of the trading system. 

Table 5.5: HS pattern’s observations 

 NASDAQ   Total Case1 Case2 Case3 

Trading strategy 1 (#) 96 8 6 82 

  (%) 100.00 8.33 6.25 85.42 

Trading strategy 2 (#) 56 8 6 42 

  (%) 100.00 14.29 10.71 75.00 

 NYSE   

    
Trading strategy 1 (#) 243 38 10 195 

  (%) 100.00 15.64 4.12 80.25 

Trading strategy 2 (#) 159 38 10 111 

  (%) 100.00 23.90 6.29 69.81 

Notes: The observations of HS patterns identified in NASDAQ and NYSE datasets with both 

trading strategies, and the breakdown of them in cases 1, 2 and 3. The observations are expressed 

in absolute numbers (#) and with percentages (%).  

                                                             
50 The reader can compare the observation frequencies presented in Tables 5.3 and 5.5 for the three 

cases. 
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Returns resulting by each trading strategy in total and for each case are 

presented in Table 5.6. The second trading strategy affects the pattern‟s returns in a 

very obvious way. We managed a reduction in the number of the unwanted cases 

(case3) but we reduced simultaneously the returns from the other 2 cases (cases 1 and 

2). The return in all cases is worsening in case of NASDAQ stocks but there is a mild 

improvement in the returns generating in NYSE components. Synoptically when the 

HS patterns is confirmed (cases 1 and 2) the expected return is positive but in total the 

expected payoff of the HS technical analysis is negative due to the high frequency of 

cases 3 which realize negative payoffs.  

In charting the pattern‟s size is of prime importance. Generally the greater the 

size of a technical pattern the greater the effects on its returns. In Table 5.7 are 

illustrated size characteristics of the HS patterns. In both datasets the width of the 

patterns are similar. On the other hand the height of the patterns identified in NYSE 

stocks is shorter. This can be attributed to the lower volatility realized in the later 

index. A market which realizes lower volatility in the returns of its components is 

expected to realize also lower returns in absolute values, when applying a trading 

strategy on its stocks. This can be confirmed by the results from Table 5.7.  

Table 5.8 presents the Bernoulli results. In order to test the predictive power of 

the pattern we use a Bernoulli trial
51

 method. This test checks if the trading rules 

generate more or less positive returns than would be expected by chance. The use of 

this test is similar with the one used in (Marshall, et al., 2009) but with some 

differences. To be more precise in the aforementioned work each stock was treated as 

a separate trial. It was examined if the number of positive returns generated in each 

stock by a specific trading rule
52

 is greater compared to the number expected by “true 

chance”. In this paper we treat every single trading rule as a separate trial. 

Furthermore it is very important to specify the term “true chance”. In the aforesaid 

work the chance was settled on a probability of 50% percent of realizing positive 

returns. That would be the case of a fair toss coin game, where a toss has two different 

                                                             
51

 The criteria for this approximation are not fulfilled in cases 1 and 2 for the NASDAQ 

dataset but their results are also included in Table 5.8 for a more complete picture of this test 

(see footnote 33). They should not be taken into consideration though as robust evidence, but 

only as supplementary results for the whole test. 
52

 The trading rules used in (Marshall, et al., 2009) are the ones introduced in (Brock, et al., 

1992). 
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possible outcomes. In our study we calculate from our dataset the number of the 

actual positive daily returns and with the total number of daily observation we 

calculate the actual probability of observing positive returns which is lower than 50% 

in both NASDAQ and NYSE components (approximately 45% and 47% 

respectively). This results in the strengthening of the z-stats. For a more complete 

work, the z-stats were also calculated with a probability of 50%. In all cases1 z-stat is 

positive and statistical significant at a level of 1%. 

This indicates that after the HS pattern fully formation when the price evolves 

as expected (case1) the returns are positive with a frequency greater than expected by 

“true chance”. On the other hand in case 3 the HS pattern generates fewer instances of 

positive profit than would be expected by “true chance”. Positive returns generated by 

case 2 seems to be random since z-stat is not statistical significant, except in case of 

NYSE stocks when we apply the first trading strategy.  

In total the HS pattern produces negative and statistical significant z-stats. This means 

that overall the pattern generates fewer cases of positive returns than would be 

expected by chance. The reason for this is the high number of cases3 observations. 

In Table 5.9 we present the t-test results. We test if the mean daily returns 

generated by the two HS trading strategies are greater than the mean daily returns of 

the original stock price series. P-values in case 1 reject the null hypothesis at a 

significance level of 0.1%. The null hypothesis is also rejected in the case2 only in 

NYSE stocks at a significance level of 1%. In addition the alternative hypothesis is 

accepted at a significance level of 5% only at NYSE stocks. In the aforementioned 

cases the respective trading strategy generates mean daily returns greater than the 

mean daily returns realized in the original stock price series. In both NASDAQ and 

NYSE datasets applying the second trading strategy improves the p-values, but only 

in case of NYSE stocks the returns are statistical significant. 
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Table 5.7: HS patterns’ characteristics 

 

Head‟s height expressed… Shoulders‟ width (days) 

 in abs. values as a percentage (%) of the head‟s price Mean Min Max 

 NASDAQ 4.96 28.02 81.33 39 191 

      NYSE 5.59 16.69 79.79 37 172 

Notes: The HS pattern‟s size characteristics in both NYSE and NASDAQ dataset. In the first two columns the mean 

height of the patterns is presented expressed in absolute values and as a percentage of the head‟s price. The last three 

columns present the minimum the maximum and the mean width of the HS patterns expressed in days.  

 

Table 5.6: HS patterns’ returns 

  

Total   

 

Case1   

 

Case2 

  

Case3   

NASDAQ Min Mean Max Min Mean Max Min Mean Max Min Mean Max 

Trading strategy 1 -14.99 -1.27 53.96 8.88 22.19 36.48 -1.34 12.75 53.96 -14.99 -4.59 2.38 

Trading strategy 2 -20.68 -2.15 51.33 4.78 15.46 27.59 -5.79 9.26 51.33 -20.68 -7.13 -1.14 

             NYSE 
            Trading strategy 1 -10.29 -0.85 48.17 4.68 15.80 48.17 0.60 8.77 33.51 -10.29 -4.59 3.43 

Trading strategy 2 -16.53 -0.56 43.77 0.00 12.95 43.77 -2.00 7.10 32.32 -16.53 -5.87 1.30 

Notes: Minimum, Maximum and mean returns generated by the two HS trading strategies on NASDAQ and NYSE stocks for the period 7/1990-7/2010, and the breakdown of 

them in cases 1, 2 and 3. 
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Table 5.8: Bernoulli trials for the HS pattern 

Panel a: Trading strategy 1 

NASDAQ 

N of 

patterns P Pact. Mean N of successes Sigma for P Sigma for Pact. z-stat for P z-stat for Pact. 

Case1 8 0.5 0.45 4 8 1.41 1.41 2.828** 2.843** 

Case2 6 0.5 0.45 3 5 1.22 1.22 1.633 1.642 

Case3 82 0.5 0.45 41 2 4.53 4.50 -8.614** -8.659** 

Total cases 96 0.5 0.45 48 15 4.90 4.87 -6.736** -6.772** 

                

  
NYSE 

         
Case1 38 0.5 0.47 19 38 3.08 3.08 6.164** 6.175** 

Case2 10 0.5 0.47 5 10 1.58 1.58 3.162** 3.168** 

Case3 195 0.5 0.47 97.5 4 6.98 6.97 -13.391** -13.415** 

Total cases 243 0.5 0.47 121.5 52 7.79 7.78 -8.917** -8.933** 

                    

Panel b: Trading strategy 2  

NASDAQ 
         

Case1 8 0.5 0.45 4 8 1.41 1.41 2.828** 2.842** 

Case2 6 0.5 0.45 3 2 1.22 1.22 -0.816 -0.821 

Case3 42 0.5 0.45 21 0 3.24 3.22 -6.481** -6.513** 

Total cases 56 0.5 0.45 28 10 3.74 3.72 -4.811** -4.834** 

                

  
NYSE 

         
Case1 38 0.5 0.47 19 37 3.08 3.08 5.840** 5.848** 

Case2 10 0.5 0.47 5 8 1.58 1.58 1.897 1.900 

Case3 111 0.5 0.47 55.5 2 5.27 5.26 -10.156** -10.171** 

Total cases 159 0.5 0.47 79.5 47 6.30 6.30 -5.155** -5.162** 

Notes: Bernoulli statistical significance results based on the two HS trading strategies on NASDAQ and NYSE stocks and a 

breakdown of them in cases 1, 2 and 3. Two different probability values referring to the term “true chance” are used (P and Pact), and 

two z-stats are calculated for each. The number of successes is the number of patterns that generated positive returns regardless the 

significance of those returns. ** and * represent statistical significance at the 1 and 5% levels respectively. 

 

Table 5.9: t-test results for the HS pattern 

Trading strategy 1 NASDAQ   NYSE 

 

 

P-value   P-value   

Case1 0.0000 *** 0.0000 *** 

Case2 0.1038   0.0085 ** 

Case3 1.0000   1.0000   

Total cases 0.8952   0.8996   

Trading strategy 2 

    Case1 0.0000 *** 0.0000 *** 

Case2 0.1038   0.0085 ** 

Case3 1.0000   1.0000   

Total cases 0.2493   0.0206 * 

Notes: H0: The mean daily returns of the HS trading strategies equals  the mean daily return of each 

stock. H1:The mean daily returns of the HS trading strategies is greater from the mean daily return of each 
stock. ***, ** and * represent statistical significance at the 0.1%, 1% and 5% levels respectively. 
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5.8 Summary and Conclusions 
 

In this part of the thesis an identification mechanism for the HS pattern recognition is 

proposed. The proposed process is based on the criteria presented in (Lucke, 2003) 

with the difference that the criteria where enriched in order to identify all four 

different cases of the HS pattern. In addition an alternative identification mechanism 

with neural networks is proposed. 

Primarily, cases where the pattern was identified optically were also identified 

by the presented process. This was verified by implementing the mechanism on 

specific price series for which the pattern was identified and published in a variety of 

websites. Secondly, before using real datasets, it was examined if the examined 

pattern can be successfully traced in stochastically generated price series. The pattern 

was indeed identified and results reported in this stage corroborate other findings in 

the academic literature. To be more specific, in the context of behavioral finance, 

“clustering illusion” is a cognitive bias that makes human believe that he can observe 

patterns in a chaotic system. Another conclusion drawn by this finding, is that if the 

pattern is identified successfully in randomly generated price series it is also possible 

to exist in real ones.  

In addition the overall profitability of the pattern is meaningless.
53

 By this it 

can be argued that if GBM is an accurate representation of the price generation 

mechanism then the HS pattern is inefficient. This first indication regarding the 

profitability of the pattern is confirmed later on when real datasets are used. By 

scrutinizing further the pattern, and examining carefully all three different price 

evolutions after the pattern‟s formation (Cases 1, 2 and 3 in Fig. 5.11) it is found that 

there is a small percentage (16.09%) of the overall cases where the price evolves as 

expected by TA (Case 1). It is very interesting to note that similar to the proportions 

regarding the three different cases, were those observed in real data. In the first case 

returns are positive (6.93%) giving a positive expected return of 1.12% (including 

transaction costs). This finding, if corroborated in real data, is very interesting since in 

real life supporters of TA might see ex-post only this small, but profitable proportion 

of HS pattern. Hindsight bias (or else “I-knew-it-all-along” effect) characterises 

technicians‟ behavior and this gives them the inclination to see past events as being 

                                                             
53

 Negative profitability is observed when transaction costs are considered. 
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predictable. In the context of behavioural finance, various cognitive biases affect the 

way investors act. This was supported by a questionnaire survey, where graduate 

students of the University of Macedonia were asked whether they were willing to play 

a game with characteristics identical with those found in the simulation for the HS 

pattern identification. Among our findings, an impressive 37.8% of the respondents 

chose to play a game with negative payoff, and 9 in 10 subjects chose to play the 

game without having sufficient information regarding the distributional characteristics 

of the possible outcomes!  

When the pattern was applied in real data series an additional trading strategy 

was used. More concretely, the second trading strategy incorporates some filters (day 

and price filters) in an effort to extract some of the unwanted scenarios (case 3). The 

filters were efficient since they managed to reduce considerably the number of the 

negative scenarios. Contrary, they simultaneously reduced returns generated by the 

other two cases (cases 1 and 2). In addition, Bernoulli trials were used in order to 

evaluate if the returns generated by the trading strategies are attributed to pure chance 

or not. Results indicate that after the pattern‟s formation, when price evolves as 

expected by TA (Case 1) returns are positive, with a frequency greater than expected 

by true chance. The profitability of Case 2 can be attributed to pure chance, except in 

case of NYSE components when the first trading strategy is applied. Finally, in case 3 

the pattern generates fewer instances of positive returns than would be expected by 

true chance. 

In total the HS pattern produces negative and statistical significant z-stats. 

This means that overall the pattern generates fewer cases of positive returns than 

would be expected by chance. The reason for this is the high number of cases3 

observations. This corroborates the findings reported for the simulated stochastic price 

series. 

Synoptically, returns generated by the HS pattern are significant in case 1 for 

both markets examined, in case 2 only for NYSE components, and as expected not 

significant for the third case. Filters implemented in the second trading strategy 

enhance the performance of the pattern, but this improvement is significant only for 

NYSE stocks. 
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CHAPTER 6 

ROUNDING BOTTOMS & ROUNDING TOPS (RB & RT) 

 

6.1 Introduction 

 
The current chapter was published in (Zapranis & Tsinaslanidis, 2012b). After a brief 

description of the examined pattern (section 3.3.3), here we present the proposed, 

novel, rule-based identification mechanism. This mechanism captures the circular 

characteristics of the pattern, and outperforms other, already published methodologies 

from the identification perspective. In addition the proposed identification 

mechanism, by the manner it is designed, can identify also SAR levels
54

.  

The chapter is organised as follows. Section 6.2 presents the necessary theoretical 

framework. Section 6.3 describes the proposed identification methodology. Section 

6.4 describes the design of trading rules. Section 6.5 presents the empirical results. 

Finally, section 6.6 provides a summary and conclusions. 

 

6.2 Theoretical Framework 
 

This chapter presents a novel rule-based approach for identifying the rounding 

bottoms (RB) technical pattern. The uniqueness of the proposed methodology resides 

in the manner that principles of TA are incorporated in the identification mechanism. 

To be more precise from different official descriptions of the RB (also known as 

saucers, or “U” formation), and with simple geometric rules, a new rule-based 

identification mechanism is developed which extracts a great proportion of 

subjectivity included in technical pattern recognition process. 

The advantage of this method is that it is simple and it can identify 

simultaneously patterns of different size (both width and depth) where in case of 

previous studies (Wang & Chan, 2009) which use template-matching techniques the 

user has to define the size of the template window before the identification process 

starts. The template-matching is described in (Duda & Hart, 1973) and is used in 

                                                             
54

 SAR levels identified by this mechanism regard the trading range breakouts and not the 

HSAR levels presented in chapter 4. It should not be considered as a substitution of the 

previously presented HSAR(·) function, but as a complementary tool which provides an 

additional technical pattern.  
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various studies that evaluate the profitability of various technical patterns like 

variations of bull flags and volume spikes (Bo, et al., 2005; Leigh, et al., 2008; Leigh, 

Hightower, & Modani, 2005; Leigh, et al., 2004; Leigh, Modani, et al., 2002; Leigh, 

Paz, et al., 2002; Leigh, Purvis, et al., 2002; Wang & Chan, 2007).   

Till now only Wang and Chan (2009) (to the best of our knowledge) utilize 

saucers to detect buy signals. The explanation for this limited bibliography on 

recognizing the rounding bottoms pattern is that its identification is generally 

considered as a difficult task to implement. Murphy (1986) states “There are no 

precise measuring rules for the saucer bottom”. Also Edwards & Magee (1997) state 

“It is difficult to set precise rules for trading on these gradual changes of trend”.  

There is evidence in the pattern‟s description that the evolution of the price is 

gradual and should form a semicircle. Again, referring to (Murphy, 1986) “This 

pattern represents a very slow and gradual change in trend”.  (Achelis, 1995) 

confirms: “Rounding bottoms occur as expectations gradually shift from bearish to 

bullish”. Finally, according to Pring (2002)“A saucer is constructed by drawing a 

circular line under the lows…, if the volume is plotted below the price, it is almost 

possible to draw a complete circle…”. 

 

6.3 The RB Identification Methodology 
 

The description of the proposed identification mechanism begins with an optimal case 

of the saucers pattern and then more flexibility is added. For the pattern‟s 

identification, three major characteristic points are necessary: two points at about the 

same level (P1 and P2) and a local trough (T1) approximately in the middle of them. In 

an ideal case (Fig. 6.1) points P1 and P2 would be at the exact same level, and the 

local bottom would be at the midpoint of them. The general rule implemented in this 

process is that the vast majority of closing prices between the points (P1 and P2) must 

fluctuate, within specific circular bound limits; around the lower half part of the 

circumscribed circle (semicircle) defined by the isosceles triangle P1T1P2. 
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Figure 6.1: The design of the identification mechanism in an ideal case of RB 

pattern. A price series must fluctuate within the bounds set by the two homocentric 
circles (circle 2 and 3). The depth of the pattern equals with the radius (R) of the 

circle 1 and the width with two radius (2R) giving a scale of 1:2. P1, T1 and P2 are the 

characteristic points of the saucers pattern. 
 

In an ideal saucers case the three critical points form an isosceles
55

 triangle (figure).  

For simplicity we denote the triangle P1T1P2 as Γ (ABC). The sides of the triangle are 

noted with small caps (a, b and c). From trigonometry it is known that every triangle has a 

circumscribed circle,
56

 which center (point K) is the meeting point of the triangle‟s three 

perpendicular bisectors.
57

 The radius (R) of the circumscribed circle is given by the following 

equation: 

 

𝑅 =
𝛼

2sin  𝐴 
 (6.1) 

 
Where “a” is the triangle‟s side opposite of the vertex “A” and sin is the sine. 

At this point the aforementioned triangle is placed on a Cartesian coordinate system 

in two dimensions. Thus, each point would be defined by a pair of coordinates; the time and 

the stock‟s closing price. Given the coordinates of two points, the distance (D) 

between those two points is given by: 

 

𝐷 =  𝑑𝑥2 + 𝑑𝑦2 (6.2) 

 

                                                             
55

 An isosceles triangle is any triangle that has exact two sides of the same length. 
56

 A circumscribed to a triangle circle is a circle passing through all three triangle‟s vertices. 
57

 A perpendicular bisector of a triangle‟s side is a straight line passing through the side‟s 

midpoint and being perpendicular to it.   
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Where dx (dy) is the difference between the x-coordinates (y-coordinates) of those two 

points. 

Taking for granted that the coordinates (time and stock price) for points B and 

C are known, the calculation of the length (or distance) for the side “a” is feasible. 

Also sin (A) equals with the side BM divided by the side AB (or c). Side “c” equals 

with side “a” which is already known and side BM equals with the difference of the y-

coordinates (prices) of points A(or C) with B. From the above analysis the radius (R) 

of the circumscribed circle is calculated and the coordinates of the circumscribed 

circle‟s center (point K in Fig. 6.2) result. To be more precise, if (Kx, Ky) and (Bx, By) 

are the coordinates of the points K and B respectively, then Kx=Bx and Ky= By+R. 

 

 

Figure 6.2: The design of the identification mechanism in an ideal case of RB 

pattern (II). Points P1, T1 and P2 construct the triangle∆(𝐴𝐵𝐶). The center (point K) 

and the radius (R) of the circumscribed circle of that triangle are calculated with the 
corresponding formulas.  

 

So far the radius and the center of the circumscribed circle have been 

determined. The next step is the calculation of the corresponding y-coordinates (Yi) 

for all the available trading days (Xi) between points A and C. The following equation 

(6.3) results from the previous analysis and equation 6.2: 

 

𝑅 =  𝑑𝑥2 + 𝑑𝑦2 =   (𝐾𝑥 − 𝑋𝑖)2 + (𝐾𝑦 − 𝑌𝑖)2 (6.3) 
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Solving by Yi gives the following second order equation58: 

 

𝑌𝑖
2 − 2𝐾𝑦𝑌𝑖 + 𝐾𝑦2 − 𝑅 + (𝑋𝑖 −𝐾𝑥)2 = 0, ∀ 𝑖 ∈ 𝐼[𝐴𝑥,𝐶𝑥] (6.4) 

 

The points with the coordinates (Xi, Yi), for every integer between the x-

coordinates of points A and C, correspond to the circle‟s points that the stock price 

should fluctuate on in the case of a rounding bottoms pattern (circle 1 in Fig. 6.1). 

Pattern‟s confirmation occurs when prices are constrained within the bounds set by 

two other homocentric circles (circles 2 and 3 in Fig. 6.1). The bounds used are 

expressed as a percentage of the radius of the initial circle (circle 1). For example if 

20% bounds are used then circles 2 and 3 would have a radius of 0.8R and 1.2R 

respectively.    

At this point we have to specify the way we seek for the three pattern‟s 

characteristic points (P1, T1 and P2). Before the initial downtrend a short local peak 

(P1) must occur. By implementing the rw(·) (see section 4.3), short term local peaks 

are being identified.59 Each peak identified sets a horizontal price level. For each peak 

identified we can easily find the first forthcoming day that stock‟s price (P2) 

overcomes this level. In an ideal pattern these two points would have the same value 

but in reality this situation is extreme rare. What it is for sure is that these two points 

would be at about the same level and should also have a local minimum between 

them. We do not have to check if this point is at the midpoint between P1 and P2, 

because it is also extreme rare to be at exact the half distance between the two “leaks” 

of the “bowl”.  

The next step is a scaling process that has to take place, in order to simulate 

the way a technical analyst seeks for a pattern in a price series. It can be argued, that 

in such case the investor actually focuses on specific parts of the price series he/she is 

examining, ignoring the actual price level of the stock. We could say that he/she sets 

the price series in a system of coordinates and scales instinctively the data into his/her 

mind. It is of prime importance the scaling applied in every potential saucers pattern. 

It is obvious from Fig. 6.1 that the pattern‟s width equals with two radiuses (2R) and 

                                                             
58

 Equation 6.4 gives two solutions for every Xi. For drawing the homocentric semicircles, the 

minimum value of each pair of solutions is kept.  

59
 This study employs a rolling window of 5 days. This means that a closing price is 

characterized as a local peak if it is greater than the previous and the forthcoming 2 closing 

prices. 
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the depth of the pattern equals with one radius (R). Thus, for the calculation of the 

semicircles, and for a proper identification process, a half size, “height/with” scale 

(1/2) is necessary, for every potential pattern. 

After identifying these three characteristic points and scaling the data, it is 

very important to set the coordinates of points A, B and C to construct the isosceles 

triangle (Γ (ABC) in Fig. 6.2). In an ideal case, points P1, T1 and P2 of a stock price 

series would be the same with points A, B, and C of Fig. 6.2 and would form an 

isosceles triangle. Needless to mention again, that in reality this is very difficult to 

happen. So points A and C will keep the x-coordinates of points P1 and P2, but as y-

coordinates they will have the average of their y-coordinates. Point B will have the 

average of the x-coordinates of the points P1 and P2, and the y-coordinates of point T1 

(Table 6.1). From the triangle ABC the three circles are going to be drawn (Fig. 6.1) 

and all the daily adjusted closing prices, including those of points P1, T1 and P2, are 

going to be checked if they fluctuate within the borders set by the two homocentric 

semicircles. In such confirmation a saucers pattern would be successfully identified. 

 

Table 6.1: Manipulating the coordinates of the potential pattern’s characteristic points 

Actual points observed in the stock 

price series 

Points used for the creation of the semicircles 

x-coordinates y-coordinates 

P1 (P1x,P1y) Ax=P1x Ay=(P1y+P2y)/2 
T1 (T1x,T2y) Bx=(P1x+P2x)/2 By=T1y 

P2 (P2x,P2y) Cx=P2x Cy=( P1y+P2y)/2 

Notes: The formulas used to covert coordinates of points P1, T1 and P2 into points A, B and C. 

The coordinates of the latest points form an isosceles triangle on a Cartesian system in two 
dimensions.  The semicircles drawn for the identification of the saucers pattern are based on 

this triangle. 

 

That way the proposed rule-based mechanism is able to identify patterns of 

different size at once. This is not the case in template-matching techniques were 

different sizes of template‟s grid are used every time. In order to avoid cases with just 

a few observations, a width-threshold (tWidth hereafter) of 15 days is employed. This 

infers that the pattern must have at least 15-days length (three trading weeks). The 

threshold of 15 days is set not arbitrarily but by taking into consideration what Pring 

(2002) states: “Rounding and saucer formations… can take as little as 3 weeks to as 

long as several years to complete”.  

Fig. 6.3 presents a case of a 62-days saucers pattern identified in the IBM 

stock at the period 16-Mar-1975 to 19-May-1976. In Fig. 6.4, the corresponding part 

of the price series is being isolated and leveled with a 1/2 scale. After that, the 
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homocentric semicircles with a bound level of 20% are being drawn. 59 out of 62 

closing prices fluctuate within the pre-specified bounds, constituting a fit value of 

95.16%.60 

 

 
Figure 6.3: Example of successful identification of the RB pattern. Adjusted 

closing prices of IBM stock for the period 13-Mar-1975 to 19-May-1976.  
  

 
Figure 6.4: Rounding bottoms pattern’s identification in scaled data (scale of 

1/2). Focusing on the saucers pattern identified in IBM stock price series from 

fig. 3. The bounds used are 20%, and the pattern has width of 62 days, and a 

depth value of 16.59%. Closing prices realized at 59 out of 62 trading days 

fluctuate within the bounds drawn by the homocentric semicircles, resulting in a 

fit value of 95.16%.  

6.4 The Design of Trading Rules 
 

One parameter calculated by this mechanism is the fit value. It results by calculating 

the percentage of the trading days that their closing prices fluctuate within the bounds 

                                                             
60

 Section 6.4 describes the calculation of fit and depth value. 
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set by the two homocentric semicircles. In previous template matching technique 

studies the fitness of each case is calculated by adding the product of the frequencies 

of trading days that reside in specific cells of the template grid with the corresponding 

weights. For example, Leigh, et al. (2004) use a template grid where the fit values are 

between-10.25 and 19.5. The fit value calculated by this process, is being expressed as 

a percentage, and thus the user has a more clear perception of the actual pattern‟s fit. 

Furthermore, a threshold to this parameter is set (tFit hereafter), and if the calculated 

fit value is greater that the pre-specified threshold then a buy signal occurs. This 

initial long position is closed after a specific holding period “q”.  

Furthermore in the 10 × 10 template grid proposed by Wang and Chan (2009) 

when ignoring the leaks of the pattern, the middle observations take a weight value of 

one in a range of three or four rows. The numbers of these rows represents a circular 

range of 30% or 40% above the lowest price. In the proposed mechanism the “bounds 

variable” is introduced on which the construction of the homocentric semi-circles is 

based. The bounds employed here are valued also at 30%.  

As mentioned in (Pring, 2002),“the significance of a price formation or 

pattern is a direct function of its size and depth”.  The proposed mechanism identifies 

the saucers pattern regardless its width. As mentioned previously, the only constrain 

set, is that the pattern must have at least a width of 15 trading days (3trading weeks). 

The depth of each pattern is calculated in a manner similar to that presented in (Wang 

& Chan, 2009): 

 

 𝐷𝑒𝑝𝑡 =
𝑃𝑚𝑎𝑥 −𝑃𝑚𝑖 𝑛

𝑃𝑚𝑖𝑛
  (6.5) 

 

 where Pmax and Pmin are the average prices of points P1 and P2 (see Fig. 6.2  and 

Table 6.1) and the price of point T1 respectively. Here we use a constant threshold for 

the depth value (tDepth hereafter) of 10%.  

When a combination of thresholds is satisfied then a buy signal occurs. In 

(Zapranis & Tsinaslanidis, 2012b) we use two different sets of holding periods; HP1 

and HP2. HP1 includes medium and long term holding periods “q”. More specific “q” 

takes values from 20 till 220 days with a step of 40 days (HP1= {20:40:220}). Wang 

and Chan (2009) and Leigh, et al. (2004) use similar holding periods to test the 

predictive power of the technical patterns they examine. But the value embedded in 

the technical pattern might get lost if such long holding periods are used. Thus in 
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(Zapranis & Tsinaslanidis, 2012b) we also use HP2 which includes short-term holding 

periods (HP2= {2:4:22}).  

The aforementioned process is entailed in the developed Saucers(·) matlab 

function. 

  

 𝐶𝑢𝑝𝑥 ,𝑝𝑜𝑖𝑛𝑡𝑠 ,𝐶𝑢𝑝𝑦 ,𝑝𝑜𝑖𝑛𝑡𝑠 ,𝐾𝑠,𝑅𝑠,𝑇𝑜𝑡𝑎𝑙 𝑃𝑎𝑡𝑡𝑒𝑟𝑛𝑠 =

𝑆𝑎𝑢𝑐𝑒𝑟𝑠(𝑑𝑎𝑡𝑎,𝐵𝑜𝑢𝑛𝑑𝑠, 𝑡𝑊𝑖𝑑𝑡)  (6.6) 

 

Inputs: “data” is a column vector of stock adj. closing prices, “Bounds” is the 

variable expressed as a percentage and it describes the distance of the two 

homocentric circles from the initial circle that passes through the characteristic 

pattern‟s points (see Fig. 6.1), and “tWidth” is the threshold used for the minimum 

accepted width of the pattern (default value: 15 trading days). 

Outputs: If the function identifies “n” rounding bottoms patterns then Cupx,points and 

Cupy,points are two n by 3 matrices where each column indicates the x-coordinates 

(days) and y-coordinates (prices) of the three characteristic points of each pattern 

respectively. “Ks” is a n by 2 matrix which tabulates the coordinates of the 

homocentric circles‟ centers of each pattern, and “Rs” is an n by 1 column vector with 

the corresponding radiuses. Finally “Total Patterns” variable is an n by 4 matrix 

which includes all the potential patterns identified. Each one of these four columns 

presents the “Bounds” variable, the “Fit”, “Depth” and “Width” value of each pattern. 

Further thresholds concerning the depth and the fit value of each pattern can 

be applied on the “Total Patterns” output to isolate only the confirmed patterns. The 

mirrored process can be used for the identification of the Rounding Tops pattern. 

 

6.5 Empirical Results 
 

The sample period of each stock is divided into two equally sub-periods (pre and post 

sub periods) and we run our simulation and our tests three times; one time on each 

sub-period separately and one time on the whole sample period. 

The data entailed in the evaluation of the RB performance are the same seven 

stocks used in (Wang & Chan, 2009) with the same sample period.61 More specific 

                                                             
61

 The starting dates for MSFT, IBM, INTC, ORCL, DELL, AAPL and HPQ are 03/13/1986, 

01/02/1962, 7/09/1986, 03/02/1988, 08/17/1988, 09/07/1984, and 01/02/1962, respectively. 

The last observation used of each stock is on 24/09/2007. 
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our dataset consists of the daily adjusted closing prices for splits and dividends of the 

following stocks: Microsoft (MSFT), IBM, Intel (INTC), Oracle (ORCL), DELL, 

APPLE (AAPL), and Hewlett-Packard (HPQ)62. Because our dataset consists of US 

tech stocks with sufficient activity and with various and long term sample periods we 

reduce the problem of data mining. By implementing a short-term (5 days) rolling 

window for finding non-continuous potential patterns‟ starting points (points P1), we 

achieve different price levels and we reduce the “buying runs” effect, which is the 

case where a filter rule recommends buy signals on successive days. Leigh, et al., 

(2004) and Wang & Chan (2009) deal with this problem by using only the initial day 

of each buying run. Furthermore, similarly with (Wang & Chan, 2009), after a buy 

signal occurs, a long position is taken with one-day lag to avoid non-synchronous 

trading. This initial long position is closed after a specific holding period “q” as 

explained previously. 

After calculating the arithmetic returns produced by the trading rules we 

compare them with the market average returns in a manner similar with that used in 

(Leigh, et al., 2004; Wang & Chan, 2009).  

 

𝑀𝑒𝑎𝑛 𝑀𝑎𝑟𝑘𝑒𝑡 𝑅𝑒𝑡𝑢𝑟𝑛 =
 [ 𝑃𝑡+𝑞−𝑃𝑡 /𝑃𝑡 ]𝑛
𝑡=𝑚

𝑛−𝑚+1
 (6.7) 

 

where Pt is the adjusted closing price on trading day t, q is the holding period, and 

finally m (n) is the first (last) trading day in the sub-period of comparison. The excess 

profit is calculated by subtracting the mean market return from the mean trading rule 

return. Since we care for the statistical significance of positive excess returns, the 

comparison between the mean market return and the mean trading rule return is 

managed by a two-sample, one-tailed, unequal variance (heteroscedastic ) Student‟s t-

test. 

After examining the predictive power of RB we run the same tests by tFit 

equal with zero. By this approach the evolution of the price between the “leaks” of the 

pattern is irrelevant and we actually evaluate the profitability of horizontal resistant 

levels
63

. The way we designed our identification mechanism enables us to examine 

                                                             
62

 The abbreviations in brackets are the corresponding tickers as presented in Yahoo! Finance. 
63

 Horizontal support and resistance levels examined at this point depend only from one 

historical local. The process described in Chapter 4 is more comprehensive and encloses more 

efficiently conventions of technical analysis. The manner that the script for the “saucers” 
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the predictive power of simple resistant levels by simply ignoring the path that the 

price between points P1 and P2 follows (Fig. 6.1).  

The predictive power of rounding bottoms technical pattern and resistant 

levels is evaluated with both sets of holding periods (HP1 and HP2), various fit value 

thresholds,
64

 a tWidth of 15 days, a tDepth of 10% and bounds rate of 30%. 

 

6.5.1 Empirical results for the first set of holding periods (HP1)  
 

When the whole sample period is used, the overall excess returns realized with the 

first set of holding periods are mainly negative for both saucers and resistant levels 

(Table 6.2). The same picture can be seen when we use the post sub-period (Table 

6.4). Contrary, a mild improvement of predictability takes place when the pre sub-

period is used (Table 6.3). When focusing in tech stocks there are few individually 

cases of positive statistical significant returns. Most of these cases occur when 

resistant levels (tFit = 0) are used and not the saucers pattern (tFit = 0.9). Even in the 

most favorable scenario when we examine the profitability of resistant levels in the 

first sub-period the positive returns generated are trivial and not statistical significant 

(except from most cases in DELL and IBM stocks). It is of prime importance to note 

that no transactions cost where incorporated in our study. It is possible that after 

considering trading costs these overall positive returns might be eliminated, in the 

most optimistic scenario, or even worse, turn out to be negative. 

 

6.5.2 Empirical results for the second set of holding periods (HP2)  
 

According to the efficient market hypothesis a market is weak-form inefficient, if an 

investor cannot realize systematic abnormal returns when he uses historical prices as 

available information. In that way the value of information we use might be lost when 

we use medium or long term holding periods. In other words after a month (20 trading 

days) it is possible that the prices already reflect the information generated by 

                                                                                                                                                                               
identification was erected, enable us to evaluate simultaneously the performance of the 

simpler version of support and resistance levels by changing only one parameter in the script.  
64

 In our tables we present results only from two values for tfit; 0.9 and 0. The first threshold 

is used to evaluate the rounding bottoms technical pattern and the second one to evaluate 

resistant levels. 
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technical analysis. For this reason, the predictive power of saucers and resistant levels 

is reexamined using a short-term set of holding periods (HP2). 

In the whole sample period (Table 6.5) the same picture with negative returns 

can be seen when the saucers pattern is applied. On the other hand the resistant levels 

generate positive statistically significant excess returns it the vast majority of cases. 

Still the magnitude of these returns is under question if we consider transaction costs. 

Similar are the results obtained from the second sub-period (Table 6.7); negative 

excess returns for the saucers pattern and a balanced situation for the resistant levels. 

What is extremely interesting is the predictive power of the trading rules which use 

saucers pattern and the resistant levels at the first sub-period (Table 6.6). The vast 

majority of overall excess returns are positive, above 2% and statistical significant. 

Excess returns generated by saucers are marginally greater but with lower frequency 

than those produced by resistant levels. The positive sign of these returns could 

sustain an imposition of transaction costs. In other words investors at this sub-period 

could realize systematic positive excess returns by the use of saucers pattern and 

resistant levels. Especially when these investors are financial intermediaries (like 

Hedge funds or Mutual Funds) that can make transactions with beneficiary trading 

cost compared to other individual investors. 
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Table 6.2: Results of trading rule using the first set of holding periods (HP1), a tWidth of 15 days, a tDepth of 10% and bounds rate of  30% during the whole sample period. 

   

20 

  

60 

  

100 

  

140 

  

180 

  

220     

Stock Patterns Buy days 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Panel A: Threshold for fit value is 90% 

              
MSFT 25 150 -6.39  

 

0.9842 -7.12  

 

0.9598 -5.90  

 

0.8267 -7.22  

 

0.7548 -12.14  

 

0.8575 -11.41  

 

0.8128 

IBM 62 372 -0.50  

 

0.7101 0.39  

 

0.4050 0.65  

 

0.3746 2.69  

 

0.1195 2.91  

 

0.1598 3.33  

 

0.1575 

INTC 27 148 -0.80  

 

0.6516 -1.47  

 

0.6642 -15.80  

 

0.9997 -25.28  

 

1.0000 -27.59  

 

0.9996 -31.27  

 

0.9993 

ORCL 20 120 -4.06  

 

0.9790 -8.55  

 

0.9813 -9.93  

 

0.8969 -5.63  

 

0.6799 10.12  

 

0.3427 -5.84  

 

0.6298 

DELL 19 114 -3.48  

 

0.8445 -14.88  

 

0.9954 -24.29  

 

0.9998 -28.81  

 

0.9982 -37.81  

 

0.9986 -42.61  

 

0.9992 

AAPL 87 520 -1.32  

 

0.8608 -1.34  

 

0.6782 -1.75  

 

0.6908 0.23  

 

0.4805 -0.23  

 

0.5162 9.43  * 0.0931 

HPQ 63 352 -3.60  

 

0.9946 -0.90  

 

0.6440 -4.33  

 

0.9283 -3.89  

 

0.8837 -4.34  

 

0.8883 -0.93  

 

0.5942 

OVERALL 303 1776 -2.32  

 

0.9999 -2.73  

 

0.9879 -5.36  

 

0.9997 -4.97  

 

0.9905 -5.20  

 

0.9658 -3.21  

 

0.8634 

Panel B: Threshold for fit value is zero 

               
MSFT 208 1215 -2.06 

 

0.9985 -4.73 

 

1.0000 -7.32 

 

1.0000 -8.85 

 

1.0000 -11.37 

 

1.0000 -15.62 

 

1.0000 

IBM 466 2750 0.54 ** 0.0487 0.70 

 

0.1264 0.45 

 

0.2824 -0.50 

 

0.7120 -0.08 

 

0.5305 1.56 

 

0.1307 

INTC 219 1279 0.20 

 

0.4001 1.47 

 

0.1739 -1.79 

 

0.8013 -2.53 

 

0.8242 -2.44 

 

0.7638 -4.96 

 

0.9117 

ORCL 211 1231 -0.76 

 

0.8172 -1.66 

 

0.8273 -1.98 

 

0.7769 -0.69 

 

0.5667 0.11 

 

0.4920 0.58 

 

0.4619 

DELL 168 979 -1.16 

 

0.8628 -0.27 

 

0.5517 -2.54 

 

0.7997 0.05 

 

0.4954 -1.76 

 

0.6343 3.74 

 

0.3090 

AAPL 326 1934 -0.95 

 

0.9038 -1.47 

 

0.8406 -1.78 

 

0.8085 0.46 

 

0.4230 0.69 

 

0.4086 4.28 

 

0.1089 

HPQ 423 2500 -0.84 

 

0.9637 1.69 ** 0.0364 0.11 

 

0.4598 0.30 

 

0.4026 -0.45 

 

0.6235 -0.09 

 

0.5236 

OVERALL 2021 11888 -0.57   0.9911 -0.25   0.6712 -1.52   0.9889 -1.21   0.9150 -1.55   0.9196 -0.73   0.7025 

Notes: “Patterns” refers to the number of patterns identified and “Buy days” refers to the number of buy-signals created. Excess return is calculated by subtracting the mean 

market return from the mean trading rule return for each holding period (q). The trading rules returns are compared with the corresponding market returns with a two-sample, 

one-tailed, unequal variance (heteroscedastic) Student‟s t-test. When P-value is under 10%, 5% and 1% we accept the alternative hypothesis that the mean of trading returns is 

greater than the mean of market returns at the 10%, 5% and 1% significance level respectively. *, ** and *** indicate significance at the 10%, 5% and 1% levels, respectively. 

“Panel A” and “Panel B” tabulate results for the rounding bottoms pattern (tFit=0.9) and resistant levels (tFit=0) respectively. Transaction costs were not considered.     
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Table 6.3: Results of trading rule using the first set of holding periods (HP1), a tWidth of 15 days, a tDepth of 10% and bounds rate of  30% during first sub-period (pre). 

   

20 

  

60 

  

100 

  

140 

  

180 

  

220 

  

Stock Patterns 

Buy 

days 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Panel A: Threshold for fit value is 90%                             

MSFT 4 23 -3.94 

 

0.6772 -4.57 

 

0.6135 21.6 

 

0.2624 46.19 

 

0.2191 60.51 

 

0.1276 95.31 * 0.0886 

IBM 26 152 -0.30 

 

0.6158 2.00 

 

0.1510 6.24 ** 0.0307 4.70 

 

0.1246 6.84 * 0.0889 3.38 

 

0.2955 

INTC 6 36 -3.03 

 

0.6578 -1.92 

 

0.6466 -23.13 

 

0.9719 -24.34 

 

0.9889 -24.50 

 

0.9966 -23.32 

 

0.9789 

ORCL 6 36 1.15 

 

0.3694 -11.62 

 

0.8499 -11.6 

 

0.8109 -7.08 

 

0.6875 -1.72 

 

0.5363 -2.06 

 

0.5432 

DELL 6 36 -1.94 

 

0.6369 -10.73 

 

0.8830 -24.05 

 

0.9694 -15.75 

 

0.8436 -12.40 

 

0.8006 -15.83 

 

0.9668 

AAPL 34 204 3.61 ** 0.0321 3.87 

 

0.1681 7.11 * 0.0961 7.44 

 

0.1581 -0.09 

 

0.5038 7.21 

 

0.2647 

HPQ 15 81 -0.65 

 

0.6048 5.10 

 

0.1464 3.3 

 

0.2905 3.09 

 

0.2867 1.62 

 

0.3938 5.06 

 

0.2762 

OVERALL 97 568 0.69   0.4466 0.95   0.6227 1.86   0.6030 3.32   0.5501 2.12   0.7306 4.67   0.6198 

Panel B: Threshold for fit value is zero                               

MSFT 77 439 -2.54 

 

0.9804 -4.84 

 

0.9902 -3.83 

 

0.8856 -6.14 

 

0.9257 -5.32 

 

0.8573 -12.53 

 

0.9869 

IBM 196 1135 0.00 

 

0.4972 1.01 * 0.0951 2.43 *** 0.0088 2.15 ** 0.0456 3.01 ** 0.0238 2.15 

 

0.1299 

INTC 86 501 -1.09 

 

0.8409 0.15 

 

0.4725 -0.32 

 

0.5379 1.61 

 

0.3434 2.17 

 

0.3338 -2.52 

 

0.6797 

ORCL 86 483 1.11 

 

0.1953 -1.41 

 

0.7732 -0.61 

 

0.5772 -4.68 

 

0.8705 -0.37 

 

0.5254 -4.84 

 

0.7809 

DELL 64 362 0.41 

 

0.4213 8.13 ** 0.0137 10.26 ** 0.0352 15.2 ** 0.0193 21.45 ** 0.0101 42.24 *** 0.0012 

AAPL 133 790 1.56 ** 0.0424 0.21 

 

0.4604 -0.27 

 

0.5405 -1.93 

 

0.7401 -5.01 

 

0.8948 -2.25 

 

0.6909 

HPQ 122 693 -0.55 

 

0.7608 2.18 * 0.089 4.25 ** 0.0288 2.02 

 

0.2162 0.44 

 

0.4362 1.93 

 

0.2804 

OVERALL 764 4403 -0.04   0.6189 0.66   0.2587 1.57   0.1014 0.81   0.3803 1.41   0.327 2.10   0.2875 

Notes: Results presented in this table correspond to the first sub-period (pre) by using the first set of holding periods (HP1). All other variables are constant. For further information see notes of table 2. 
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Table 6.4: Results of trading rule using the first set of holding periods (HP1), a tWidth of 15 days, a tDepth of 10% and bounds rate of  30% during second sub-period (post). 

   

20 

  

60 

  

100 

  

140 

  

180 

  

220 

  

Stock Patterns 

Buy 

days 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Panel A: Threshold for fit value is 90% 

              
MSFT 21 126 -5.76 

 

0.9631 -3.81 

 

0.8297 -4.21 

 

0.8600 -6.46 

 

0.8821 -10.78 

 

0.9559 -9.57 

 

0.8986 

IBM 36 216 -0.68 

 

0.6852 -0.79 

 

0.6280 -3.12 

 

0.8892 1.39 

 

0.3092 0.52 

 

0.4429 3.93 

 

0.1496 

INTC 20 106 1.48 

 

0.2055 0.90 

 

0.4198 -8.57 

 

0.9526 -18.04 

 

0.9968 -19.77 

 

0.9689 -22.40 

 

0.9636 

ORCL 14 84 -6.05 

 

0.9961 -6.85 

 

0.9555 -8.74 

 

0.8054 -4.93 

 

0.6169 14.68 

 

0.3401 -8.65 

 

0.6385 

DELL 13 78 -2.88 

 

0.7437 -11.95 

 

0.9618 -15.26 

 

0.9844 -20.44 

 

0.9860 -28.65 

 

0.9961 -25.36 

 

0.9927 

AAPL 44 262 -4.17 

 

0.9900 -5.19 

 

0.8618 -13.18 

 

0.9914 -13.33 

 

0.9827 -15.28 

 

0.9813 -6.73 

 

0.7688 

HPQ 48 262 -4.55 

 

0.9962 -2.68 

 

0.8234 -5.92 

 

0.9531 -5.05 

 

0.8946 -4.88 

 

0.8649 -0.99 

 

0.5872 

OVERALL 196 1134 -3.26 

 

0.9999 -3.58 

 

0.9664 -8.00 

 

0.9998 -8.09 

 

0.9935 -8.33 

 

0.9367 -6.40 

 

0.7959 

Panel B: Threshold for fit value is zero 

              
MSFT 131 753 -1.20 

 

0.9262 -2.55 

 

0.9798 -6.15 

 

0.9999 -5.44 

 

0.9972 -7.93 

 

0.9999 -9.97 

 

0.9999 

IBM 268 1562 0.90 ** 0.0332 0.54 

 

0.2766 -0.73 

 

0.7381 -2.34 

 

0.9672 -1.92 

 

0.8870 1.77 

 

0.1938 

INTC 132 757 1.61 * 0.0749 3.64 ** 0.0483 0.01 

 

0.4990 -1.81 

 

0.7023 -0.46 

 

0.5422 -4.28 

 

0.8331 

ORCL 114 649 -3.84 

 

0.9999 -4.40 

 

0.9505 -2.22 

 

0.7001 0.60 

 

0.4666 1.10 

 

0.4517 0.55 

 

0.4791 

DELL 104 595 -1.65 

 

0.9367 -2.83 

 

0.9257 -5.21 

 

0.9918 -1.42 

 

0.6917 -2.39 

 

0.7702 -2.20 

 

0.7205 

AAPL 171 1004 -3.02 

 

0.9955 -4.72 

 

0.9848 -7.91 

 

0.9941 -5.18 

 

0.9328 -3.16 

 

0.7663 0.92 

 

0.4291 

HPQ 289 1696 -0.93 

 

0.9369 2.01 ** 0.0449 -0.53 

 

0.6605 0.99 

 

0.2490 1.18 

 

0.2493 0.98 

 

0.2882 

OVERALL 1209 7016 -0.90   0.9968 -0.61   0.7628 -2.73   0.9984 -1.87   0.8966 -1.59   0.7574 -0.90   0.4970 

Notes: Results presented in this table correspond to the second sub-period (post) by using the first set of holding periods (HP1). All other variables are constant. For further information see notes of table 2. 
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Table 6.5: Results of trading rule using the second set of holding periods (HP2), a tWidth of 15 days, a tDepth of 10% and bounds rate of  30% during the whole sample period. 

   

2     6     10     14     18     22     

Stock Patterns 

Buy 

days 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Panel A: Threshold for fit value is 90% 

              
MSFT 25 150 -3.95 

 

0.9150 -3.85 

 

0.8961 -4.33 

 

0.9212 -4.15 

 

0.8912 -4.91 

 

0.9098 -4.60 

 

0.8756 

IBM 62 372 0.33 

 

0.3594 -0.01 

 

0.5054 -0.16 

 

0.5583 -0.23 

 

0.5730 -0.32 

 

0.5946 -0.08 

 

0.5236 

INTC 27 162 1.28 

 

0.2666 -1.00 

 

0.6502 -1.35 

 

0.7007 -1.15 

 

0.6648 -3.10 

 

0.8530 -1.78 

 

0.7089 

ORCL 20 120 -1.44 

 

0.7760 -0.38 

 

0.5725 -0.89 

 

0.6408 -0.69 

 

0.6287 -1.78 

 

0.7460 -2.97 

 

0.8602 

DELL 19 114 -0.39 

 

0.5457 -2.61 

 

0.7527 -5.75 

 

0.9122 -5.99 

 

0.9331 -6.64 

 

0.9350 -8.19 

 

0.9765 

AAPL 87 522 0.78 

 

0.2597 -0.88 

 

0.6943 -2.11 

 

0.8528 -2.34 

 

0.8639 -3.66 

 

0.9446 -2.29 

 

0.8236 

HPQ 63 375 -2.25 

 

0.9473 -2.48 

 

0.9383 -2.22 

 

0.8985 -2.77 

 

0.9465 -2.45 

 

0.9097 -2.19 

 

0.8735 

OVERALL 303 1815 -0.51 

 

0.7969 -1.37 

 

0.9640 -2.00 

 

0.9913 -2.16 

 

0.9933 -2.84 

 

0.9987 -2.38 

 

0.9915 

Panel B: Threshold for fit value is zero 

               
MSFT 208 1248 0.37 

 

0.2895 0.1 

 

0.4445 -0.47 

 

0.7322 -1.03 

 

0.8871 -1.14 

 

0.9025 -1.81 

 

0.9680 

IBM 466 2790 1.37 *** 0.0000 1.38 *** 0.0001 1.38 *** 0.0002 1.13 *** 0.0043 0.75 * 0.0557 0.88 ** 0.0334 

INTC 219 1314 2.27 *** 0.0020 1.49 * 0.0533 1.66 * 0.0507 2.25 ** 0.0231 1.95 * 0.0519 1.94 * 0.0571 

ORCL 211 1260 1.87 ** 0.0112 2.18 ** 0.0103 2.44 ** 0.0110 1.33 

 

0.1308 1.59 * 0.0914 1.72 * 0.0819 

DELL 168 1008 1.92 ** 0.0336 0.76 

 

0.2488 0.94 

 

0.2245 1.39 

 

0.1461 1.44 

 

0.1628 0.86 

 

0.2824 

AAPL 326 1944 1.15 * 0.0525 0.72 

 

0.1932 0.04 

 

0.4814 -0.50 

 

0.6951 -0.65 

 

0.7316 -0.32 

 

0.6141 

HPQ 423 2535 0.51 

 

0.1367 1.01 ** 0.0339 1.20 ** 0.0199 1.58 *** 0.0076 1.54 ** 0.0116 1.67 *** 0.0096 

OVERALL 2021 12099 1.25 *** 0.0000 1.11 *** 0.0000 1.04 *** 0.0002 0.90 *** 0.0023 0.77 ** 0.0112 0.77 ** 0.0136 

Notes: Results presented in this table correspond to the whole sample period  by using the second set of holding periods (HP2). All other variables are constant. For further information see notes of table 2. 
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Table 6.6: Results of trading rule using the second set of holding periods (HP2), a tWidth of 15 days, a tDepth of 10% and bounds rate of  30% during first sub-period (pre). 

   

2     6     10     14     18     22     

Stock Patterns 

Buy 

days 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Panel A: Threshold for fit value is 90% 

              
MSFT 4 24 -0.34 

 

0.5163 0.73 

 

0.4772 0.32 

 

0.4898 1.10 

 

0.4720 6.04 

 

0.3674 6.21 

 

0.3635 

IBM 26 156 0.49 

 

0.3123 0.14 

 

0.4517 1.20 

 

0.1568 1.65 

 

0.1144 1.87 * 0.0663 2.05 * 0.0636 

INTC 6 36 0.25 

 

0.4867 1.43 

 

0.4304 1.01 

 

0.4407 0.28 

 

0.4841 -0.6 

 

0.5348 1.38 

 

0.4055 

ORCL 6 36 4.56 

 

0.1106 5.13 

 

0.1377 6.53 * 0.0590 5.58 * 0.0511 5.29 ** 0.0163 -1.41 

 

0.7199 

DELL 6 36 3.13 

 

0.2880 6.49 ** 0.0219 0.25 

 

0.4775 1.34 

 

0.4158 -2.24 

 

0.6098 -8.10 

 

0.8760 

AAPL 34 204 4.87 *** 0.0069 4.82 ** 0.0114 4.26 ** 0.0285 4.31 ** 0.0388 4.36 ** 0.0441 4.61 * 0.0697 

HPQ 15 86 0.69 

 

0.3872 -0.08 

 

0.5115 -0.47 

 

0.5570 -0.84 

 

0.6015 -0.5 

 

0.5638 0.69 

 

0.4149 

OVERALL 97 578 2.42 ** 0.0108 2.55 ** 0.0183 2.27 ** 0.0450 2.35 * 0.0644 2.38 * 0.081 2.04 

 

0.1620 

Panel B: Threshold for fit value is zero 

              
MSFT 77 462 1.05 

 

0.1920 1.77 * 0.0984 1.52 

 

0.1241 1.71 

 

0.1283 1.11 

 

0.2408 -0.07 

 

0.5155 

IBM 196 1176 0.79 ** 0.0205 1.15 *** 0.0038 1.65 *** 0.0003 1.40 *** 0.0031 0.91 ** 0.0399 1.20 ** 0.0142 

INTC 86 516 2.18 ** 0.0222 2.46 ** 0.0191 3.31 *** 0.0037 3.94 *** 0.0030 3.95 *** 0.0041 3.28 ** 0.0148 

ORCL 86 510 4.52 *** 0.0003 3.74 *** 0.0043 3.63 *** 0.0073 1.87 

 

0.1155 2.09 * 0.0840 1.30 

 

0.2058 

DELL 64 367 5.48 *** 0.0043 7.22 *** 0.0001 8.01 *** 0.0002 9.19 *** 0.0002 10.72 *** 0.0002 8.77 *** 0.002 

AAPL 133 798 2.82 *** 0.0008 2.00 ** 0.0217 1.15 

 

0.1611 0.68 

 

0.3010 0.77 

 

0.2925 0.94 

 

0.2735 

HPQ 122 728 0.79 

 

0.1516 0.71 

 

0.2096 1.35 * 0.0905 1.50 * 0.0917 2.08 ** 0.0417 1.81 * 0.0773 

OVERALL 764 4557 2.13 *** 0.0000 2.21 *** 0.0000 2.42 *** 0.0000 2.29 *** 0.0000 2.36 *** 0.0000 1.98 *** 0.0002 

Notes: Results presented in this table correspond to the first sub-period (pre) by using the second set of holding periods (HP2). All other variables are constant. For further information see notes of table 2. 
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Table 6.7: Results of trading rule using the second set of holding periods (HP2), a tWidth of 15 days, a tDepth of 10% and bounds rate of  30% during second sub-period (post). 

   

2     6     10     14     18     22     

Stock Patterns 

Buy 

days 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess R. 

(%) 

 

P-val. 

Excess 

R. (%) 

 

P-val. 

Panel A: Threshold for fit value is 90% 

             
MSFT 21 126 -4.53 

 

0.9236 -4.40 

 

0.9271 -4.68 

 

0.9384 -4.40 

 

0.9206 -6.01 

 

0.9714 -5.46 

 

0.9309 

IBM 36 216 0.21 

 

0.4416 -0.13 

 

0.5331 -1.15 

 

0.7525 -1.61 

 

0.7958 -1.93 

 

0.8158 -1.64 

 

0.7894 

INTC 20 120 2.36 * 0.0970 -0.63 

 

0.5959 -1.08 

 

0.6456 -0.62 

 

0.5789 -3.24 

 

0.8217 -2.04 

 

0.6926 

ORCL 14 84 -3.97 

 

0.9704 -2.61 

 

0.8899 -3.90 

 

0.9121 -3.17 

 

0.9009 -4.58 

 

0.9036 -3.37 

 

0.8103 

DELL 13 78 -1.88 

 

0.6664 -6.43 

 

0.8923 -7.89 

 

0.9115 -8.47 

 

0.9571 -7.52 

 

0.9207 -6.78 

 

0.9019 

AAPL 44 264 -1.14 

 

0.7469 -4.22 

 

0.9266 -6.29 

 

0.9627 -6.61 

 

0.9644 -6.98 

 

0.9645 -6.23 

 

0.9327 

HPQ 48 285 -3.17 

 

0.9714 -3.24 

 

0.9511 -2.47 

 

0.8830 -3.09 

 

0.9338 -2.81 

 

0.8966 -2.78 

 

0.8829 

OVERALL 196 1173 -1.65 

 

0.9807 -2.91 

 

0.9976 -3.64 

 

0.9990 -3.86 

 

0.9993 -4.42 

 

0.9996 -3.87 

 

0.9967 

Panel B: Threshold for fit value is zero 

              
MSFT 131 786 0.03 

 

0.4841 -0.71 

 

0.8036 -1.36 

 

0.9322 -2.25 

 

0.9885 -1.94 

 

0.9722 -2.20 

 

0.9693 

IBM 268 1602 1.78 *** 0.0001 1.54 *** 0.0020 1.15 ** 0.0229 0.93 * 0.0775 0.64 

 

0.1927 0.63 

 

0.1935 

INTC 132 792 2.49 ** 0.0122 1.14 

 

0.1941 0.92 

 

0.2661 1.55 

 

0.1697 1.05 

 

0.2699 1.54 

 

0.1917 

ORCL 114 678 -1.76 

 

0.9695 -1.15 

 

0.8690 -1.05 

 

0.7983 -2.33 

 

0.9561 -1.70 

 

0.8702 -1.08 

 

0.7505 

DELL 104 624 -0.65 

 

0.7316 -3.54 

 

0.9988 -3.35 

 

0.9944 -3.01 

 

0.9912 -3.80 

 

0.9990 -3.47 

 

0.9967 

AAPL 171 1014 0.01 

 

0.4976 -0.30 

 

0.5864 -0.86 

 

0.7190 -1.27 

 

0.7961 -1.32 

 

0.7915 -1.39 

 

0.7960 

HPQ 289 1731 0.45 

 

0.2225 1.16 * 0.0515 1.40 ** 0.0292 1.94 *** 0.0091 1.65 ** 0.0266 1.94 ** 0.0148 

OVERALL 1209 7227 0.56 ** 0.0328 0.21   0.2613 0.04   0.4391 -0.06   0.5277 -0.23   0.6671 -0.06   0.5087 

Notes: Results presented in this table correspond to the second sub-period (post) by using the second set of holding periods (HP2). All other variables are constant. For further information see notes of table 2. 
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6.6 Summary and Conclusions 
 

This chapter develops a novel rule-based mechanism for the identification of the RB 

pattern. Previous studies on this theme use template matching techniques which can 

also be used for the identification of other technical patterns. In template matching 

techniques the user has to set specific weights in the template‟s grid before the 

identification of a pattern. These weights in some cases are set somehow arbitrarily 

and the process embeds a level of subjectivity. Of course the subjective nature of 

technical analysis is a fact. But to our point of view, in order to evaluate the predictive 

power of technical analysis we have to start from scratch and look for the descriptions 

of the technical patterns reported in various technical manuals. As technical indicators 

have their own formulas, technical patterns have their own descriptions. These 

descriptions have to be coded “properly” in order to test these patterns‟ predictive 

power. 

Like the identification mechanisms presented in Chapters 4 and 5, the novelty 

of this study lies in the manner the identification mechanism is designed. Core 

principles of technical analysis are employed for the development of this mechanism. 

Furthermore this rule-based process outperforms previous studies in a way that it 

identifies patterns of various sizes at once. In studies of template matching techniques 

the size of the pattern was pre-specified and standard. In addition, by the design of 

this rule, when setting the fit value equal with zero, the user is able to identify 

resistant levels. Finally non-synchronous trading, buying runs, and data mining 

problems were reduced by the way this experiment was set. A drawback of this study 

is that it ignores volume of transactions which is very important for the confirmation 

of a technical pattern. 

The efficiency of a market is also a matter of time. The empirical results of 

this chapter indicate that the saucers pattern and resistant levels do not produce 

systematic abnormal returns for the whole sample period. Indications of positive 

returns can be eliminated by transaction cost. Indications of inefficiencies can be 

tracked only in the first sub-period of our dataset and only when short-term holding 

periods are used. In that case resistant levels outperform saucers patterns since they 

generate positive and statistical significant excess returns with a greater frequency. 

The presence of positive returns in the first sub-period are aligned with the results 

reported by various studies (Olson, 2004; R Sullivan, et al., 1999; R  Sullivan, et al., 
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2003) according to which trading rules generate positive returns before the 1990s, but 

these profits decline or even vanish in the following years. The explanation may lie in 

the words of Timmermann and Granger (2004) who conclude: „„Ultimately, there are 

likely to be short-lived gains to the first users of new financial prediction methods. 

Once these methods become more widely used their information may get incorporated 

into prices and they will cease to be successful‟‟. 

Furthermore with the use of two different sets of holding periods we found 

that the information obtained from saucers and resistant levels is valuable only at a 

small time interval immediate after the pattern is being identified. This finding is 

consistent with Wang and Chan (2007) who state: „„the shorter holding periods were 

associated with higher return‟‟. In addition Lucke (2003) mentions: „„the strongest 

evidence for excess profitability is found for the shortest holding period‟‟. The rule-

based identification mechanism proposed in this chapter can be seen as an expert 

system in order to test the predictive power of technical analysis and thus test the 

weak-form efficiency of various financial markets. The „„mirrored‟‟ methodology can 

also be used for identifying rounding tops and support levels.  
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PART III: ASSESSING THE GENERALIZED EFFICACY 

OF TECHNICAL ANALYSIS 

 

Part III attempts to assess the generalized efficacy of TA. To do so a relative wide 

universe of technical indicators and patterns is being considered. Chapter 7 is based 

on the pioneered methodology applied in (Brock, et al., 1992). In Chapter 8 we 

attempt to develop a system which simulates the trading behaviour of a real investor. 

To do so, we use artificial neural networks which generate trading signals after 

considering jointly signals produced by an assembly of technical indicators and 

patterns. We also propose a new ANOVA-based parameter optimization process 

which identifies for each trading rule the optimal parameter combination, through a 

back-testing process. A more detailed overview of this part and its chapters is being 

provided in Section 1.2. 
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CHAPTER 7 

STATISTICAL TESTS FOR TECHNICAL ANALYSIS 

 

7.1 Introduction 
 

This chapter examines the generalised predictive power of TA, by implementing 17 

well known technical patterns and indicators, on 25 of the world‟s most famous 

market indices, over the last decade. Following the pioneered methodology applied in 

(Brock, et al., 1992), ordinary statistical tests are presented firstly and enhanced 

bootstrapped techniques are implemented subsequently (Efron, 1979, 1982). With the 

manner these tests are implemented, selection and data snooping biases are extracted. 

In addition resultant conclusions by bootstrap techniques are freed of unrealistic 

assumptions on which ordinary statistical test are based. 

This chapter is organised as follows. Section 7.2 presents the universe of 

technical indicators and patterns implemented on 25 world‟s market indices. It also 

discusses the choice of the holding periods used after trading signals generations. 

Section 7.3 presents the ordinary statistical tests with their results whereas section 7.4 

describes the bootstrap assessment. Finally, section 7.5 provides a summary and 

concludes.  

 

7.2 Data, technical tools and the choice of holding periods 
 

Close prices, adjusted for dividends and splits, for the period 1-Jan-2000 till 1-

Jan-2011 for 25 of the most major world indices are implemented in this chapter 

(Table 7.1). On these price series 17 well-known technical indicators/patterns are 

applied in an effort to evaluate the efficacy of TA (Table 7.2). In these tables are also 

illustrated the corresponding symbols for the market indices (idxi) and for technical 

indicators/patterns xi used. These symbols are going to be used in later tables and 

graphs for the presentation of the results. Market indices examined cover a wide range 

of regions (Americas, Europe and Asia/Pacific) in order to get a generalised view of 

the predictive power of TA across different countries. The parameters used for 

technical indicators are those most commonly proposed and used by various technical 
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manuals. For their description the reader can see (Achelis, 1995; Edwards & Magee, 

1997; Murphy, 1986; Pring, 2002). The description of the technical patterns used and 

their corresponding parameters are presented in Part II and the Appendix of this 

thesis. 

 

Table 7.1: Major world’s market indices 

idxi Name Location idxi Name Location 

Panel A: Americas 

 
Panel C:Asia/Pacific 

idx1 Merval Buenos Aires Argentina idx15 All Ordinaries Australia 

idx2 Bovespa Brasil idx16 Shanghai Composite China 

idx3 S&P TSX Composite Canada idx17 Hang Seng Hong Kong 

idx4 IPC Mexico idx18 BSE 30 Indian  

idx5 S&P 500 Index USA idx19 Jakarta Composite Indonesia 

Panel B:Europe 

 

idx20 KLSE Composite Malaysia 

idx6 ATX Austria idx21 Nikkei 225 Japan 

idx7 BEL-20 Belgium idx22 NZSE 50 New Zealand 

idx8 CAC 40 France idx23 Straits Times Singapore 

idx9 DAX German idx24 Seoul Composite South Korea 

idx10 AEX General Netherlands idx25 Taiwan Weighted Taiwan 

idx11 OSE All share Norway    

idx12 Stockholm General Sweden    

idx13 Swiss Market Switzerland    

idx14 FTSE 100 UK    

Notes: Column idxi presents the corresponding symbols for each market index. The name and geographic 

location of each index are also provided.  

 

The predictive power of TA is evaluated firstly by implementing a combination of 

ordinary t-tests with Bernoulli trials and secondly a bootstrap technique. Each of the 

technical indicators/patterns presented in Table 7.2, is applied on the price series 

illustrated in Table 7.1 and generates signals which recommend buy, sell and neutral 

investment positions. After the initial signal the position is held for a predefined 

holding period (HP), unless an opposite signal occurs before the completion of this 

HP. A variety of holding periods is used in this section (mainly short-term
65

). 
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 More concrete they were used holding periods of 1, 2, 5, 10 15, 20, 30, and 40 days.  
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Table 7.2: Universe of Technical Indicators and Patterns implemented 

xi Technical Indicators/Patters  Parameters 

Panel A: Technical Indicators  

x1 MACD MACD=26-day Exponential Moving Average (EMA) 

– 12-day EMA 

Signal Line= 9 day EMA of MACD 

x2 Relative Strength Index (RSI) 14-day period. 

The levels used for generating signals are 70 and 30. 

x3 Bollinger Bands 20-day period 

x4 Moving Average Crossovers (short term) Short term MA: 10-day period 
Medium term MA: 30-day period 

x5 Moving Average Crossovers (long term) Short term MA: 1-day period 

Medium term MA: 200-day period 

x6 Momentum (MOM) MOM:12-day period 

MA applied on MOM: 9-day period 

x7 Price Rate of Change (ROC) ROC: 12-day period 

MA applied on ROC: 9-day period 

x8 Price Rate of Change (ROC) ROC: 12-day period 

The levels used for generating signals are ±0.065. 

x9 Highest High (HH) and Lowest Low(LL) 14-day period 

Panel B: Technical Patterns  

x10 Head and Shoulders Rolling Window (RW) for locals‟ identification:30-

days 

x11 Saucers tops/bottoms Bounds: 0.2 (20%) 

tWidth:15 days 

tFit: 0.9 (90%) 

x12 Support and Resistance RW:50-days 

Bounds:5% 

x13 Flags RW:6 days 
MA for trend preexistence: 40 days 

Days examined for trend determination 20days 

x14 Pennants Same as Flags 

x15 Wedges Same as Flags 

x16 Double tops/bottoms RW:20 days 

x17 Triple tops/bottoms RW:20 days 

Notes: Column xi presents the corresponding symbols for each technical indicator/pattern. “Parameters” 

column illustrates the parameters used for each xi. The most common parameters, as found in the 

bibliography, are used for each case. For more information regarding technical indicators the reader can see 
various technical manuals whereas the description of each pattern is presented in chapter 4. 

X9:Similar with the trade range breakout (If price on day t breaks upwards (downwards) the high (low) of 

the previous 14 days then buy (sell).  

 

As expected TA seems to perform better when a one-day HP is used. This 

expectation is supported by other reported empirical findings or arguments which 

assert that TA has (if it actually does) predictive power over relative short term 

holding periods (Lucke, 2003; Wang & Chan, 2007; Zapranis & Tsinaslanidis, 

2012b). In addition market efficiency considers also the speed at which newly 
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information is reflected in securities/indices prices. Here new information is treated 

the realization, by the majority of the investment community, of a technical pattern‟s 

fully formation. The sample period used is for the last decade, a period where 

technological advantages are a fact and the speed at which new information is 

incorporated in prices had been increased dramatically. So, if TA has any predictive 

power we would expect to observe it with holding periods as short as possible. If 

markets are efficient even one day HP would not be sufficient to realise excess 

returns. But the subjective nature of TA especially the part included in patterns 

identification and interpretation might generate the necessary time delay (one day) for 

prices to adjust new information, and thus the opportunity to realise abnormal profits. 

Due to these reasons empirical results reported in this chapter are those produced with 

a HP of one day. 

 

7.3 Ordinary statistical Tests 

 
For each technical indicator/pattern it is being examined if there is any statistical 

significance in the returns generating after each trading signal. If TA has predictive 

power on a price series, then these returns would differ considerably from the 

unconditional distributions of daily returns observed at those markets. The following 

analysis uses logarithmic, daily returns and is based on the corresponding analysis 

conducted in (Brock, et al., 1992). Raw returns are preferable than excess returns, and 

more appropriate for short term trading rules, since risk premia are likely to have a 

long periodicity relative to the holding period (Sweeney, 1986). In addition we evade 

the joint hypothesis problem concerning the choice of the model to use for the 

calculation of excess returns.
66

 

Table 7.3 tabulates empirical results for the S&P 500 index (idx5). In an ideal 

case, where TA encloses predictive power, “Buy” and “Buy-Sell” (“Sell”) mean 

returns should be positive (negative) and statistical significant. Measuring statistical 

significance at these cases is implemented with ordinary t-tests, in a manner similar 
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 For example the validity of two of the most known asset pricing models (Capital Asset 

Pricing Model-CAPM and Arbitrage Pricing Theory-APT) suffer from strong theoretical and 

empirical limitations. On the one hand, CAPM is untestable due to the unobservablility of the 

market portfolio (Roll, 1977). On the other hand, for the APT it is not necessary to identify 

the market portfolio, but it is not specified what the underlying factors are (unlike the CAPM, 

which collapses all the macroeconomic factors into the market portfolio). 
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with the one applied in (Brock, et al., 1992). It is also examined the ability of each 

trading rule to generate buy and sell signals which in turn produce positive or negative 

returns, irrespective of the size of the returns. To do so, the fractions of buy and sell 

signals which generate positive returns is calculated and it is examined if these 

fractions are statistically significant different than a 50% pure chance. For this reason 

each signal is treated as a Bernoulli trial where two possible outcomes can result; 

success (the realization of a positive return after the signal) and a failure (the 

realization of a negative return). P-values are calculated to estimate the significance at 

which the observed fractions are different than a fair 50%. Similarly with t-tests, the 

fraction observed at “Buy” (“Sell”) signals should be greater (lower) than 50% and 

statistically significant. 

In the S&P 500 index three patterns were not identified; Pennants (X14), 

Saucers Bottoms (X11) and Flags (X13). More concrete no buy signals were produced 

by X11, no sell signals were produced by X13 and no signals at all were produced by 

X14. Results are generally not as expected by advocators of TA. Regarding technical 

indicators a surprising finding is that returns generated from trading signals are 

reverse compared with what expected (Levy, 1971). On the contrary, technical 

patterns perform generally better since at least they produce returns with the sign we 

expect based on TA theory. But, still these returns are not statistical significant
67

. The 

overall picture at this market is rather disappointing for supporters of TA. No 

technical indicator/pattern generates the statistically significant daily mean returns 

with the expected sign. Of course, this is not the case for other price series, but 

generally the successful cases consist the minority. 

For brevity reasons, instead of presenting 25 different tables with the results 

obtained by this analysis, 3D-graphs are preferred to illustrate the general picture for 

the whole dataset. Figs. 7.1-3 illustrate mean returns generated by “buy”, “sell” and 

“buy-sell” signals respectively. Returns generated by technical indicators are 

generally closer to zero, probably due to the larger frequencies of observations. In all 

cases, signals generate more often returns with the expected sing; that is positive 

returns after “buy” and “buy-sell” signals and negative returns after “sell” signals. In  
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 Another point we can make out is that patterns are observed much rarer than technical 

indicators which corroborates technicians‟ arguments. Thus ordinary statistical tests on these 

cases should be considered as supplementary rather than robust. Bootstrap techniques applied 

in section 7.4 solve this problem. 
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Table 7.3: Ordinary test results for S&P 500 index 

xi N(Buy) N(Sell) Buy Sell B>0 S>0 Buy-Sell 

x1 113 113 0.00053 -0.00134 0.54867 0.50893 0.00093 

   

(0.44142) (-0.97286) (0.30077) (0.85011) (1.22154) 

x2 80 104 -0.00051 0.00128 0.46250 0.61538 -0.00094 

   

(-0.28926) (0.97918) (0.50233) (0.01860) (-0.93014) 

x3 111 121 -0.00054 0.00279 0.43243 0.57025 -0.00171 

   

(-0.36150) (2.16643) (0.15452) (0.12224) (-1.42348) 

x4 49 48 -0.00021 -0.00252 0.44898 0.43750 0.00114 

   

(-0.07966) (-1.23001) (0.47505) (0.38648) (0.95203) 

x5 40 39 -0.00060 0.00289 0.42500 0.58974 -0.00173 

   

(-0.25073) (1.32961) (0.34278) (0.26233) (-1.62106) 

x6 282 282 -0.00124 0.00094 0.46809 0.58156 -0.00109 

   

(-1.37476) (1.15181) (0.28377) (0.00616) (-1.91789) 

x7 283 283 -0.00103 0.00114 0.48057 0.58657 -0.00109 

   

(-1.13910) (1.39542) (0.51319) (0.00358) (-1.91573) 

x8 191 189 -0.00084 0.00127 0.51832 0.56614 -0.00105 

   

(-0.75492) (1.27625) (0.61250) (0.06899) (-1.43493) 

x9 264 203 -0.00123 0.00134 0.49242 0.60591 -0.00128 

   

(-1.36105) (1.37397) (0.80554) (0.00254) (-2.10147) 

x10 3 2 0.00771 0.00168 0.66667 0.50000 0.00396 

   

(0.97544) (0.17804) (0.56370) (1.00000) (0.46234) 

x11 0 2 N/A 0.02157 N/A 1.00000 N/A 

   

N/A (2.21723) N/A (0.15730) N/A 

x12 27 19 0.00369 0.00587 0.66667 0.57895 -0.00026 

   

(1.40723) (1.84273) (0.08326) (0.49130) (-0.29837) 

x13 1 0 0.01274 N/A 1.00000 N/A N/A 

   

(0.92744) N/A (0.31731) N/A N/A 

x14 0 0 N/A N/A N/A N/A N/A 

   

N/A N/A N/A N/A N/A 

x15 2 6 0.00430 0.00138 0.50000 0.50000 0.00004 

   

(0.44682) (0.25482) (1.00000) (1.00000) (0.47133) 

x16 2 6 0.00405 -0.00090 1.00000 0.33333 0.00169 

   

(0.42071) (-0.15015) (0.15730) (0.41422) (1.38161) 

x17 3 2 0.00062 -0.01095 0.33333 0.00000 0.00475 

   

(0.08411) (-1.11788) (0.56370) (0.15730) (1.32964) 

Notes: The first column is the abbreviation of each trading rule (see Table 7.1). “N(Buy)” and 
“N(Sell)” are the number of buy and sell signals generated for the sample period. “Buy” and “Sell” 

are the mean daily returns generated by each trading rule after long and short trading 

recommendations respectively. “B>0” and “S>0” are the fraction of buy and sell returns greater than 

zero. Buy-Sell is the mean daily returns realized when long and short trading signals are combined. 
For “Buy”, “Sell” and “Buy-Sell” columns, numbers in parentheses are t-ratios testing the difference 

of the mean “buy” mean “sell” and mean “buy-sell” from the unconditional one day mean. For 

“Buy>0” and “Sell>0” columns, numbers in parenthesis are the p-values resulting from a Bernoulli 
test which examines if the reported fractions are statistical significantly different than pure chance 

50%. Where “N/A” the corresponding pattern was not identified. 
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addition, patterns generate more often returns with the expected direction. This 

observation is more obvious in the case of “buy-sell” signals where both variations of 

each pattern are considered. The overall picture is promising for the effectiveness of 

TA, but if we scrutinize further these results we will see that it is rather somehow 

illusive. 

 

 

Figure 7.1: “Buy” mean, daily returns for the 17 technical indicators/patterns for 25 

market indices’ price series. 

 

 

Figure 7.2: “Sell” mean, daily returns for the 17 technical indicators/patterns for 25 

market indices’ price series. 
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Figure 7.3: “Buy-Sell” mean, daily returns for the 17 technical indicators/patterns for 25 

market indices’ price series. 

 

Particularly, of these successful cases only a small minority is statistically 

significant different than the corresponding unconditional mean. Data supporting this 

ascertainment are presented in Table 7.4. 25 price series times 17 technical rules 

result in a total of 425 cases. When focusing on “Buy” signals, 224 (130) of those 

cases generate average returns greater (lower) than zero. The remaining ones actually 

represent the number of “bullish” patterns not identified in the examined series. As 

mentioned previously, when referring to “buy” signals we care for positive returns. At 

this notion, from the total signals used (354), 63.28% represent successful cases. From 

this fraction, only 19 cases are statistical significant different than the corresponding 

unconditional mean. This observation drops the initial fraction to 5.37%. Similarly, 

the marginal majority of “sell” signals generates negative returns. The statistical 

significant cases represent only 3.14% of the total “sell” signals implemented. The 

best picture can be seen when both types of signals are considered for each trading 

rule. The respective fraction here is 10.12%, greater than the isolated signals but still 

very low. If we take into consideration that most of these cases result from technical 

patterns, which generate fewer signals, then the probability for a technician to realise 

systematically significant returns when using this universe of trading rules is very 

low.  
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Table 7.4: Signs of signals 

 

 

Number of obs. Ratio Number of Stat. significant Ratio 

Panel A: Buy Signals 

   >0 224 63.28% 19 5.37% 

<0 130 36.72% 8 2.26% 
Not 

Identified  71 N/A N/A N/A 

     Panel B: Sell Signals 

   >0 185 48.43% 12 3.14% 
<0 197 51.57% 12 3.14% 

Not 

Identified 43 N/A N/A N/A 

     Panel C: Buy-Sell Signals 
   >0 200 59.52% 34 10.12% 

<0 136 40.48% 13 3.87% 

Not 

Identified 89 N/A N/A N/A 

Notes: Panel A, B and C present a general overview of the mean returns‟ sings that “buy”, 

“sell” and “buy-sell” signals generate. 25 price series times 17 technical rules result in a total 

of 425 cases. From these cases we count the number of observations that generated mean 

positive and negative returns. The numbers of cases not identified are also provided. These 

numbers refer solely on technical patterns. From the cases identified we calculate also the 

number of cases that are statistically significant at 10% level with their corresponding 

fractions (“ratio” column). For “buy” and “buy-sell” signals we are interesting in positive 

average returns whereas in case of “sell” signals we care for negative average returns.    

 

Although the picture drawn from Table 7.4 could not be characterised satisfied 

(from the point of view of a technician), it is of prime importance to examine the 

breakdown of these rare cases that generate significant returns, to the markets and the 

trading rules examined (Table 7.5). This is actually an effort to evaluate if there is 

“persistence of success” to a specific market or to a specific trading rule. 

Firstly, concerning trading rules x2, 3 and 11 (RSI, Bollinger Bands and saucers 

pattern) do not generate significant returns at any type of signal they generate. At 

”buy” signals indicators outperform patterns (14 cases of indicators produce 

significant returns compared with only 5 cases of patterns which perform similarly) 

where at “Sell” signals the picture is balanced (6 indicator cases and 6 patterns cases 

generate significant returns). When both types of signals are considered the whole 

picture reverses, constituting technical patterns superior than technical indicators. The 

most reliable patterns are x10 and x15 (“Head and Shoulders” and “Wedges”) whereas 

x9 (Highest highs and lowest lows) is the superior indicator. It is worth to mention that 

x17 (“Triple tops/bottoms”) also perform better than the average trading rules. Recall 
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from previous chapter this pattern is very similar with the HS pattern and probably 

their similar performance is not due to lack. 

As mentioned in Chapter 2, efficiency is a matter of market selection too. TA 

might be worthless in an examined market but it might include significant predictive 

power in another inefficient market. When examining the results from the markets 

point of view, the overall picture is balanced. Higher levels of inefficiencies are found 

in idx24 and idx19. Both these markets are from the “Asia/Pacific” class (see Table 

7.2). Indications of market inefficiencies in Asia/Pacific stock markets are also 

reported in (Bessembinder & Chan, 1995; Ito, 1999; Loh, 2007). 

Undoubtedly, the analysis presented so far finds cases of technical trading 

rules that generate significant returns. The frequencies of observing those cases 

though, are not great enough to characterise TA as efficient neither to support the 

tendency of a large proportion of the investment community to believe still in TA.  

So, what is the source of potential biases that characterize technicians trading 

behaviour? 

Recall from Table 7.4 that, regarding bullish trading rules, 63.28% of those 

generate positive returns but only 5.37% are statistical significant. It is possible that, 

irrational, unsophisticated or biased investors stick with the first illusive impression 

rather seeing the whole picture. These figures result from the aggregate performance 

of all the signals produced by the aforementioned trading rules and we considered 

their average returns rather than the distribution of the returns they generate. 

For example, in (Table 7.3) x1 trading rule generates 113 buy signals with a 

daily mean return of 0.053%. Except from the expected return what is of prime 

importance is the distribution of those 113 returns. For this reason, the number of 

positive returns is counted and the fraction that this number represents is being 

calculated. For instance, 62 of those returns were positive giving a fraction of 

0.54867. Subsequently it is being examined if this fraction is statistically significant 

different than a benchmark of 50% which is considered the fair fraction observed by 

chance. Fractions produced by “buy” and “Sell” signals are expected to be higher and 

lower than the aforementioned benchmark respectively. Figs.7.4 and 7.5 illustrate this 

process and the general conclusion drawn by them corroborates the previous 

argumentation. A grid on the 50% level is also plotted to make the visualization 

easier. 
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Table 7.5: The breakdown of statistical significant cases to various markets and to trading rules 

Panel A: Buy Panel B: Sell 

xi\idxi 1 3 4 6 12 16 18 19 20 22 24 25 Total xi\idxi 2 3 4 13 16 18 19 25 Total 

1 0 0 0 0 0 0 0 1 1 0 1 0 3 1 0 0 0 0 0 0 0 1 1 

5 0 0 0 0 1 0 0 0 0 0 0 0 1 5 0 0 1 0 0 0 0 0 1 

6 0 1 0 0 0 1 0 1 0 0 0 0 3 8 0 0 0 0 1 0 0 0 1 

7 0 0 0 0 0 0 0 1 0 0 0 0 1 9 0 0 1 0 0 1 1 0 3 

8 0 0 0 0 0 0 0 0 0 0 1 1 2 12 0 0 0 0 0 0 1 0 1 

9 1 0 0 0 0 0 1 1 0 1 0 0 4 13 0 0 0 1 0 0 0 0 1 

10 0 0 1 0 0 0 0 0 0 0 0 0 1 14 1 0 0 0 0 0 0 0 1 

12 0 0 0 1 0 0 0 0 0 0 0 0 1 15 0 0 0 0 0 0 0 1 1 
14 0 0 0 1 0 0 0 0 0 0 0 0 1 17 0 1 0 0 0 1 0 0 2 

15 0 0 1 0 0 0 0 0 0 0 0 0 1 Total 1 1 2 1 1 2 2 2 12 

17 0 0 0 0 0 0 0 0 0 0 1 0 1 

          Total 1 1 2 2 1 1 1 4 1 1 3 1 19 

          Panel C: Buy-Sell 

xi\idxi 1 2 3 4 6 7 8 9 13 14 16 18 19 20 21 22 23 24 25 Total 

   1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 

   4 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 1 

   5 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 

   6 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 

   7 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 2 

   8 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 2 

   9 1 0 0 1 0 0 0 0 0 0 0 1 1 0 1 0 0 0 0 5 

   10 0 0 1 1 0 0 0 1 1 1 1 0 0 1 0 0 0 0 0 7 
   14 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 

   15 0 1 1 0 1 0 1 1 0 0 0 0 0 0 0 1 1 1 0 8 

   16 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 1 

   17 0 0 0 0 0 1 1 0 0 0 0 1 0 0 0 0 0 1 0 4 

   Total 1 2 2 3 1 2 2 2 1 1 1 2 3 2 1 1 1 4 2 34 

   Notes: Panels A, B and C correspond to “Buy”, “Sell” and “Buy-Sell” signals respectively. At each panel a binary matrix is presented where columns regard market 

indices and rows technical rules. Combinations, where statistically significant returns are obtained, are marked with ones. Last rows and columns illustrate the totals of 

statistically significant cases for each market index and trading rule respectively.  
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Figure 7.4: Fractions for “buy” signals.  For each combination of technical indicator/pattern 

and market index the fraction of “buy” signals that generate positive returns is calculated.   

 

Figure 7.5: Fractions for “sell” signals. For each combination of technical indicator/pattern 

and market index the fraction of “Sell” signals that generate positive returns is calculated. 

 
The first impression taken from buy signals is very promising. Table 7.6 

presents the overall picture of Figures 7.4 and 7.5. 252 out of 354 trading rules 

(71.19%) realise a fraction greater than the benchmark. Unfortunately, only 46 of 

those (12.99%) are statistical significant greater than 50%. Contrary, as expected 

“sell” signals produce fractions lower than 50% with a greater frequency than those 
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obtained from “buy” signals, but these fractions constitute only 42.67% of the total 

trading rules. This result exacerbates when considering only the significant cases 

which are only 12 (3.14%). 

The performance of “buy” signals is sufficient to mislead a technician. In other 

words, the first picture that someone would see is that the majority of trading rules 

produce signals that most of the times generate positive returns. 

 

Table 7.6: Fractions of positive returns 

 

Number of obs. Ratio Number of Stat. significant Ratio 

Panel A: Buy Signals 

   Fraction >0.5 252 71.19% 46 12.99% 

Fraction <0.5 102 28.81% 14 3.95% 

Not Identified 71 N/A N/A N/A 

     Panel B: Sell Signals 

   Fraction >0.5 219 57.33% 34 8.90% 

Fraction <0.5 163 42.67% 12 3.14% 

Not Identified 43 N/A N/A N/A 

Notes: 25 price series times 17 technical rules result in a total of 425 cases. “Fraction>0.5” 

(“Fraction<0.5”) presents the number of cases where signals generate positive returns 
with a frequency greater (less) than 50% of time. The numbers of cases not identified are 

also provided. These numbers refer solely on technical patterns. From the cases identified, we 

also calculate the number of statistically significant cases for a 10% significance level. 

Statistical tests here are obtained from Bernoulli trials which asses every case if the estimated 

fraction is statistically significant different than the benchmark of 50%. Panels A and B 

correspond to “buy” and “sell” signals respectively. 

 

The main conclusion obtained from ordinary statistical tests is that TA is not 

efficient. Indications of market inefficiencies are negligible. Moreover, the first 

picture when observing the mean returns produced by technical trading rules and the 

distributions of those returns could mislead any investor who examines the efficacy of 

TA for the first time. Various cognitive biases characterising the trading behaviour of 

investors may enlarge this effect. 

 

7.4 Bootstrapped Statistical Tests 

 
From the results obtained by the previous analysis the reader can have a first 

clue regarding the efficacy of TA. But ordinary statistical tests implemented 

previously assume normal, stationary, and time-independent distributions. These 

distributional assumptions may affect the validity of the previous analysis since stock 



 

144 
 

returns are characterised by leptokurtosis, autocorrelation, conditional 

heteroskedasticity and changing conditional means (Brock, et al., 1992). These 

problems are being addressed by simulating returns distributions produced from three 

simulated well-known null models for stock prices. Finally, with the bootstrap 

analysis we can investigate the standard deviations of returns generated after “buy”, 

“sell” and “buy-sell” signals of the various, aforementioned technical trading rules. 

The simulated price series are based on the three following widely used null 

models; autoregressive process of order one (AR(1)), generalised autoregressive 

conditional heteroskedasticity in the mean model (GARCH-m) and exponential 

GARCH model (E-GARCH). Returns used in the above models are logarithmic. With 

a HP of one day the return on day t (rt) equals with the difference between the natural 

logarithms of prices (P) on days t+1 and t (Equation 7.1).  

 

𝑟𝑡 = 𝑙𝑛  
𝑃𝑡+1

𝑃𝑡
 = 𝑙𝑛 𝑃𝑡+1 − 𝑙𝑛 𝑃𝑡 , (7.1) 

 

The AR(1) model is described by the following equation: 

 

𝑟𝑡 = 𝑏 + 𝜌𝑟𝑡−1 + 𝜀𝑡 ,    𝜌 < 1, (7.2) 

 

Here the value of r at time t depends on its value in the previous time period 

and a random term (εt). To put it differently, this model says that the forecast value of 

r at time t is simply a proportion (ρ) of its value at time t-1 plus a constant (b) and a 

random shock or disturbance at time t. {εt} is assumed to be a white noise series with 

a mean zero and a variance σε
2
. The parameters of this model (coefficients and 

residuals) are estimated from each actual price series using ordinary least squares 

(OLS) method.    

The second model used for simulation is the GARCH-m model which is defined as: 

 

𝑟𝑡 = 𝛼 + 𝛾𝑡 + 𝑏𝜀𝑡−1 + 𝜀𝑡 , (7.3) 

 

𝑡 = 𝑎0 + 𝑎1𝜀𝑡−1
2 + 𝛽𝑡−1, (7.4) 

 

𝜀𝑡 = 𝑡
1/2

𝑧𝑡 , 𝑧𝑡~𝑁(0,1), (7.5) 

 

The conditional variance ht, is a linear function of the square of the last 

period‟s errors and the last period‟s conditional variance. The error term εt is 

conditionally normally distributed and serially uncorrelated. This model considers the 
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relationship between the return and its volatility. More concrete, this model captures 

the phenomenon of heteroskedasticity, since it implies that periods of high (low) 

volatility are likely to be followed by periods of high (low) volatility. The parameters 

of this model are estimated using the maximum likelihood method.   

The last model implemented in this section is the E-GARCH model: 

 

𝑟𝑡 = 𝑎 + 𝛾𝑟𝑡−1 + 𝛽𝜀𝑡−1 + 𝜀𝑡 , (7.6) 

 

𝑙𝑛𝜍𝑡
2 = 𝜅 + 𝐺 𝑙𝑜𝑔𝜍𝑡−1

2 + 𝐴𝑗  
 𝜀𝑡−1 

𝜍𝑡−1
− 2/𝜋 + 𝐿  

𝜀𝑡−1

𝜍𝑡−1
 , (7.7) 

 

𝜀𝑡 = 𝜍𝑡𝑧𝑡 ,   𝑧𝑡~𝑁 0,1 , (7.8) 

 

This model was developed by Nelson (1991) and it allows asymmetric effects 

between positive and negative returns in an effort to overcome some of the problems 

resulted by the ordinary GARCH model.
68

 As Brock, et al. (1992) quote, this model 

captures the phenomenon in asset returns observed by Black (1976) where negative 

returns were generally followed by larger volatility than positive returns. In addition, 

in this model the natural logarithm of the conditional variance follows an 

autoregressive process. It uses logged conditional variance to relax the positiveness 

constraint of model coefficients (Ruey S, 2002). Parameters of this model are 

estimated also using maximum likelihood criterion.  

These three models are applied on each one of the actual price series and the 

corresponding parameters are estimated. Residuals obtained from AR(1) and 

standardized residuals produced by GARCH-m and E-GARCH models are resampled 

with replacement. Estimated coefficients and scrambled residuals are combined and 

100 artificial price series are created for each original series.
69

 The simulated series 

keep the same characteristics with the original ones but they are random. In order to 

do so, two prerequisites must be fulfilled. First, the model must fit well the original 

series. This can be examined by the statistical significance of the estimated 

coefficients. The second condition which it must be satisfied is that increments being 

                                                             
68

 The E-GARCH model described in the corresponding equations is not the same with the 

one developed and presented by Nelson (1991). For more details and descriptions for this 

version of the E-GARCH model the reader can see (Econometrics Toolbox™ User‟s Guide, 

R2011b). 
69

 In (Brock, et al., 1992) the number of replications used was 500. But these replications 

corresponded only to one index. In this section we examine 25 indices and due to limitations 

imposed by computational power the number of replications is reduced to 100. 
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scrambled must be independent and identically distributed (IID). This criterion is 

examined by implementing a Ljung-Box Q-test (LBQ-test) and an Engle‟s ARCH- test 

to the residuals obtained from AR(1) and standardized residuals taken from GARCH-

m and E-GARCH. The first test evaluates the independence of the increments and the 

second one assesses if there is any ARCH effect (heteroskedasticity) in them. Only 

the cases that satisfy the above criteria proceed with the bootstrap analysis. 

For instance idx4 satisfies the first criterion since coefficients estimated by the 

models are statistically significant (Table 7.7). Results regarding AR(1) are being 

presented in Panel A, and  they indicate a significant first order autocorrelation. Panel 

B tabulates results obtained from GARCH-m. These results imply that conditional 

variance of the returns is time varying and is autocorrelated (β and a1 are highly 

statistical significant). Furthermore, conditional variance and conditional mean are 

significantly positively related (γ is 2.0585). The remaining parameters are also 

statistical significant. Panel C illustrates the results for E-GARCH. Similarly with 

GARCH-m, these results show also a significance to all the coefficients with an 

exception to the AR(1) term. An intriguing observation is the significantly negative 

value of the leverage coefficient (coefficient L). This indicates that the E-GARCH 

model captures the leverage effect. As mentioned previously, this means that volatility 

tends to rise in response to lower than expected returns and to drop in response to 

higher than expected returns. 

Before proceeding to the scrambling of the residuals (or the standardized 

residuals) it is of prime importance to verify that they are IID. Independency implies 

no autocorrelation and identically distribution requires homoskedasticity. For these 

reason, LBQ-tests and Engle‟s ARCH-tests are implemented on the corresponding 

residuals for 20 lags and at a significance level of 10%. Figure 7.6 illustrates the 

results of these tests. Regarding the LBQ-test a value of zero indicates acceptance of 

the null hypothesis that no serial correlation exists at the corresponding residuals. 

When H takes the value of one, this implies a rejection of the null hypothesis. 

Concerning Engle‟s ARCH-tests, the null hypothesis (H = 0) is that no ARCH effects 

exist (i.e. there is homoskedasticity) against the alternative that there is 

heteroskedasticity. If the respective model fits well a price series and if the 

corresponding residual series is IID, only then the examined case proceeds with the 

bootstrap analysis. 
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Table 7.7: Coefficients estimated for idx4 (IPC index-Mexico) 

Panel A: AR(1) 

b ρ    

0,00057 0,10053    

(2,028) (5,318)    

Panel B: GARCH-m 

α b γ a0 β a1 

 C MA(1) In-mean K
 

GARCH(1) ARCH(1) 

 0,0009 0,0861 2,0585 2,68e-6 0,9094 0,0784 

 (2,379) (4,059) (2,004) (5,445) (117,472) (10,212) 

 

       Panel C: E-GARCH 

a γ β k G A L 

C AR(1) MA(1) K GARCH(1) ARCH(1) Leverage(1) 

0.0009 -0.2723 0.3631 -0.2016 0.9766 0.1341 -0.1131 

(2.791) (-1.479) (2.034) (-8.446) (354.836) (8.592) (-11.556) 

Notes: Estimated parameters from the AR(1), GARCH-m and EGARCH for idx4. AR(1) is 

estimated by OLS and the other two models with maximum likelihood. Numbers in 

parenthesis are t-ratios. Coefficients for GARCH models are tabulated with two types of 
symbolisms. Symbolisms in the first row concern equations 7.1-8 whereas those in the second 

rows are in accordance with those provided by Matlab software. 

 

Results of this “filtering” process are shown in Figure 5.6. For AR(1) model 

there is only one case (idx6) where residuals are independent, but all cases realise 

heteroskedasticity in their residuals. GARCH-m model seems to identify 8 cases 

where standardized residuals are IID (idx2, idx3, idx4, idx6, idx7, idx11, idx12 and 

idx24). Finally, from E-GARCH model, 6 indices satisfy the aforementioned 

requirements (idx4, idx6, idx11, idx12, idx15 and idx19). Without this “filtering” we 

should proceed to the bootstrap analysis with 75 cases (25 price series times 3 null 

models). For each one of these 75 cases 100 artificial series would have to be 

simulated (7.500 artificial series). Most of the results obtained from such an analysis 

would not be robust since most cases do not satisfy the aforementioned criteria for the 

bootstrap analysis. Contrary, only 14 cases (8 for GARCH-m and 6 for E-GARCH) 

satisfy these criteria and thus can be used to generate artificial series for evaluation. 

The overall benefits of this procedure are that these results will be robust and less 

computational power is going to be needed.
70

 

 

                                                             
70

 For the generation and evaluation of 100 replicas for each of these 14 cases, approximately 

26 hours are needed with the available computing power we have. 
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Figure 7.6: LBQ-tests and Engle’s ARCH-tests are implemented on the corresponding residuals for 20 lags and at a significance level of 10%. The 

three columns of figures concern tests implemented on AR(1) residuals, and GARCH-m and E-GARCH standardized residuals. First row of figures regard 
LBQ-test and the second one Engle‟s ARCH-tests. For LBQ-tests the null hypothesis (H=0) indicates no autocorrelation where the alternative hypothesis 

(H=1) indicates dependence. For Engle‟s ARCH-tests H=0 indicates homoskedasticity (identical distribution) whereas H=1 indicates heteroskedasticity. 
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Results obtained from the bootstrap analysis are tabulated in Tables 7.8 and 

7.10. For each examined actual series 100 artificial series are simulated and the 17 

technical rules are implemented on them. Panels for “Buy”, “Sell” and “B-S” signals 

illustrate the fraction of simulations generating mean returns larger than those 

observed in the corresponding actual price series. These fractions are considered to be 

“simulated” p-values for the evaluation of each trading rule. For instance, a trading 

rule is said to have statistically significant forecasting power at 10% level if more 

profit is produced on the random series as compared to the original series less than 

10% of the time. By setting a benchmark of significance at 10% level, supporters of 

TA would expect to observe fractions lower than 10% for Buy and B-S signals and 

greater than 90% for Sell signals. Fractions for the corresponding standard deviations 

of those returns are also estimated to examine if any potential profitability is a result 

of taking higher risk. 

In order to spot easier the significant cases Tables 7.9 and 7.11 are also 

provided. Bootstrap results regarding trading returns partially agree with those 

generated by ordinary statistical t-tests. The majority of the statistically significant 

returns observed at the GARCH-m cases are also identified by ordinary tests. 

Bootstrap process actually filters the original cases and reduces the number of 

statistically significant cases. This filtering continues further with the E-GARCH 

model. This suggests that some of the distributional assumptions made at the standard 

tests may have an impact on statistical inferences.  
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Table 7.8: Simulation Tests from GARCH-m bootstraps 

 
 

Notes: After implementing the GARCH-m model on each of the 8 examined actual series, estimated coefficients and standardized residuals are used to simulate 100 

artificial price series for each case. All numbers tabulated represent the fractions of simulations generating a mean return or a standard deviation larger than those 

observed at the actual price series. Rows refer to the examined indices and columns to the respective trading rule. For each trading rule the first value refers to the mean 

fraction and the second one to the standard deviation fraction. A color bar is applied also on each cell to make the table easier to read. Empty cells are observed only on 

the technical patterns, and correspond to the cases where the examined technical pattern was not identified on the original series.  

 

 

 

 

Panel A: Buy X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 X16 X17

idx2 0,280 0,560 0,040 0,050 0,190 0,310 0,830 0,290 0,600 1,000 0,280 0,270 0,230 0,270 0,470 0,510 0,110 0,970 0,785 0,742 0,130 0,490 0,120 0,000 0,671 0,706 0,510 0,720

idx3 0,200 0,390 0,620 0,290 0,900 0,150 0,250 0,300 0,670 0,960 0,010 0,530 0,020 0,530 0,110 0,550 0,520 0,980 0,356 0,800 0,460 0,870 0,547 0,314 0,616 0,374 0,647 0,106

idx4 0,380 0,770 0,860 0,240 0,540 0,120 0,750 0,690 0,050 0,420 0,450 0,250 0,720 0,430 0,160 0,500 0,570 0,990 0,012 0,369 0,880 0,580 0,409 0,091 0,235 0,086 0,354 0,323

idx6 0,280 0,760 0,980 0,060 0,930 0,370 0,460 0,740 0,710 0,640 0,430 0,410 0,800 0,290 0,410 0,310 0,360 0,920 0,613 0,675 0,802 0,198 0,050 0,100 0,000 0,190 0,380 0,533 0,063 0,135

idx7 0,330 0,970 0,090 0,280 0,960 0,420 0,260 0,470 0,310 0,940 0,880 0,310 0,890 0,290 0,750 0,740 0,400 0,830 0,889 0,429 0,040 0,697 0,636 0,327 0,383 0,872 0,311 0,557

idx11 0,100 0,370 0,990 0,040 1,000 0,020 0,510 0,840 0,310 0,470 0,250 0,110 0,480 0,160 0,530 0,410 0,200 0,960 0,841 0,341 0,790 0,980 0,429 0,000 0,899 0,620 0,520 0,350 0,466 0,397

idx12 0,260 0,580 0,340 0,180 0,970 0,440 0,700 0,570 0,030 0,550 0,510 0,490 0,690 0,560 0,150 0,480 0,050 0,870 0,978 0,640 0,510 0,840 0,404 0,909

idx24 0,020 0,840 0,500 0,430 0,410 0,450 0,720 0,680 0,820 0,960 0,220 0,730 0,300 0,750 0,050 0,610 0,450 0,950 0,878 0,767 0,570 0,910 0,565 0,174 0,048 0,607 0,130 0,310 0,000 0,590

Panel B: Sell

idx2 0,100 0,330 0,280 0,790 0,150 0,030 0,200 0,410 0,670 0,770 0,620 0,280 0,290 0,120 0,380 0,290 0,650 0,150 0,776 0,365 0,663 0,593 0,180 0,300 0,857 0,167 1,000 0,222 0,955 0,659 0,162 0,485 0,944 0,483

idx3 0,880 0,310 0,870 0,630 0,950 0,290 0,630 0,330 0,710 0,730 0,470 0,410 0,430 0,410 0,590 0,270 0,890 0,160 0,353 0,541 0,086 0,269 0,120 0,800 0,411 0,179 0,848 0,152 0,811 0,456 0,130 0,190 0,989 0,547

idx4 0,280 0,240 0,320 0,910 0,060 0,220 0,070 0,300 0,990 0,060 0,660 0,460 0,860 0,470 0,210 0,630 1,000 0,170 0,538 0,423 0,273 0,534 0,750 0,170 0,476 0,060 0,050 0,930 0,180 0,830

idx6 0,720 0,160 0,610 0,200 0,070 0,030 0,810 0,670 0,380 0,370 0,930 0,620 0,940 0,640 0,740 0,590 0,600 0,170 0,081 0,488 0,290 0,120 0,929 0,262 0,578 0,482 0,172 0,414 0,526 0,884

idx7 0,190 0,290 0,280 0,100 0,360 0,230 0,870 0,360 0,200 0,510 0,740 0,430 0,720 0,450 0,350 0,880 0,850 0,300 0,571 0,111 0,520 0,592 0,852 0,016 0,960 0,485 0,958 0,521

idx11 0,950 0,050 0,280 0,610 0,220 0,140 0,210 0,070 0,070 0,800 0,420 0,380 0,510 0,250 0,580 0,140 0,760 0,070 0,507 0,329 0,540 0,632 0,770 0,600 0,646 0,139 0,840 0,270

idx12 0,810 0,800 0,240 0,970 0,440 0,130 0,170 0,320 0,220 0,090 0,340 0,500 0,460 0,490 0,820 0,610 0,870 0,340 0,407 0,151 0,860 0,750 0,469 0,224 0,570 0,380 0,915 0,777

idx24 0,100 0,450 0,160 0,850 0,010 0,360 0,790 0,340 0,090 0,690 0,860 0,620 0,930 0,610 0,680 0,540 0,830 0,270 0,066 0,187 0,290 0,800 0,692 0,282 0,795 0,216 0,080 0,950 0,234 0,702

Panel C: B-S

idx2 0,760 0,420 0,280 0,310 0,640 0,060 0,940 0,360 0,490 0,960 0,310 0,230 0,450 0,150 0,500 0,390 0,110 0,760 0,282 0,641 0,400 0,330 0,000 0,000 0,095 0,135 0,889 0,596

idx3 0,120 0,370 0,240 0,430 0,320 0,230 0,310 0,350 0,480 0,910 0,040 0,490 0,050 0,490 0,170 0,380 0,230 0,430 0,494 0,844 0,550 0,930 0,218 0,667 0,798 0,273 0,063 0,050

idx4 0,610 0,520 0,890 0,660 0,920 0,150 0,940 0,540 0,000 0,150 0,360 0,320 0,380 0,450 0,420 0,540 0,020 0,520 0,106 0,439 0,670 0,270 0,309 0,162 0,707 0,566

idx6 0,170 0,370 0,830 0,110 0,980 0,080 0,250 0,770 0,750 0,520 0,110 0,540 0,250 0,450 0,290 0,500 0,360 0,480 0,910 0,500 0,240 0,090 0,434 0,908 0,263 0,189

idx7 0,610 0,480 0,240 0,210 0,950 0,260 0,100 0,480 0,630 0,750 0,770 0,340 0,750 0,370 0,810 0,850 0,230 0,500 0,134 0,608 0,184 0,053 0,065 0,667 0,024 0,585

idx11 0,010 0,140 0,990 0,080 1,000 0,060 0,760 0,220 0,770 0,660 0,410 0,200 0,490 0,220 0,400 0,220 0,120 0,270 0,797 0,695 0,440 0,850 0,565 0,532 0,230 0,350

idx12 0,160 0,710 0,640 0,460 0,970 0,190 0,830 0,470 0,110 0,230 0,650 0,510 0,710 0,540 0,090 0,530 0,060 0,680 0,180 0,840 0,424 0,727

idx24 0,180 0,620 0,750 0,600 0,900 0,430 0,360 0,480 0,970 0,860 0,110 0,670 0,100 0,680 0,100 0,570 0,230 0,540 0,939 0,305 0,700 0,900 0,054 0,351 0,170 0,380 0,039 0,039
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Table 7.9: Spotting significant cases from GARCH-m replicas 

Panel A: Buy X1  
X2  

X3  
X4  

X5  
X6  

X7  
X8  

X9  
X10  

X11  
X12  

X13  
X14  

X15  
X16  

X17 
 
X O XO 

idx2     X             O               O                                 1 2 0 

idx3                   O X   X         O                                 2 2 0 

idx4                 X                 O X                               2 1 0 

idx6                                   O         X       X       X       3 1 0 

idx7   O X             O                         X                       2 2 0 

idx11 X                                 O           O                     1 2 0 

idx12                 X               X                             O     2 1 0 

idx24 X                 O         X     O           O         X       X   4 3 0 

X 2 
 

2 
 

0 
 

0 
 

2 
 

1 
 

1 
 

1 
 

1 
 

1 
 

0 
 

2 
 

0 
 

1 
 

1 
 

1 
 

1 
 
17 

  O 1 
 

0 
 

0 
 

0 
 

4 
 

0 
 

0 
 

0 
 

6 
 

0 
 

0 
 

2 
 

0 
 

0 
 

0 
 

1 
 

0 
  

14 

 XO 0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
   

0 

Panel B: Sell                                                                     

   idx2                                                     X   X       X   3 0 0 

idx3         X                                                       X   2 0 0 

idx4       O         X               X                             O     2 2 0 

idx6                     X   X                       X                   3 0 0 

idx7                                                             X   X   2 0 0 

idx11 X                                                                   1 0 0 

idx12       O                                                         X   1 1 0 

idx24                         X                                     O     1 1 0 

X 1   0   1   0   1   1   2   0   1   0   0   0   1   1   1   1   4   15 

  O 0   2   0   0   0   0   0   0   0   0   0   0   0   0   0   2   0   

 

4 

 XO 0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   

  

0 

Panel C: B-S                                                                     
   idx2                   O                                 X   X           2 1 0 

idx3                   O X   X                     O                 X   3 2 0 

idx4                 X               X                                   2 0 0 

idx6                                                           O         0 1 0 

idx7             X                                               X   X   3 0 0 

idx11 X                                                                   1 0 0 

idx12                             X   X                                   2 0 0 

idx24                         X   X                 O         X       X   4 1 0 

X 1   0   0   1   1   1   2   2   2   0   0   0   0   1   2   1   3   17 

  O 0   0   0   0   2   0   0   0   0   0   0   2   0   0   1   0   0   

 

5 

 XO 0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   

  

0 

Notes: This table spots the significant cases of Table 5.8. Returns and standard deviations fractions that are statistically significant at a 10% level 
are marked with X and O respectively. Totals of “Xs” and “Os” are calculated for each trading rule and market index at the last three rows and 
columns respectively. Panels A, B and C regard “Buy”, “Sell” and “Buy-Sell” (B-S) signals accordingly.  
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Table 7.10: Simulation Tests from E-GARCH bootstraps 

 
 
Notes: After implementing the E-GARCH model on each of the 6 examined actual series, estimated coefficients and standardized residuals are used to simulate 100 

artificial price series for each case. All numbers tabulated represent the fractions of simulations generating a mean return or a standard deviation larger than those 

observed at the actual price series. Rows refer to the examined indices and columns to the respective trading rule. For each trading rule the first value refers to the mean 

fraction and the second one to the standard deviation fraction. A color bar is applied also on each cell to make the table easier to read. Empty cells are observed only on 

the technical patterns, and correspond to the cases where the examined technical pattern was not identified on the original series.  

 
  

Panel A: Buy X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 X16 X17

idx4 0,450 1,000 0,790 1,000 0,650 1,000 0,670 1,000 0,250 1,000 0,680 1,000 0,790 1,000 0,380 1,000 0,770 1,000 0,115 0,506 0,900 1,000 0,636 0,136 0,531 0,185 0,444 0,697

idx6 0,450 1,000 0,840 1,000 0,690 1,000 0,470 1,000 0,720 1,000 0,540 1,000 0,720 1,000 0,620 1,000 0,640 1,000 0,598 0,736 0,642 0,407 0,300 0,980 0,065 0,129 0,663 0,512 0,230 0,680

idx11 0,330 1,000 0,740 0,990 0,960 1,000 0,560 1,000 0,430 1,000 0,310 1,000 0,360 1,000 0,440 1,000 0,650 1,000 0,720 0,360 0,680 1,000 0,500 0,071 0,675 0,584 0,694 0,643 0,538 0,154

idx12 0,380 1,000 0,410 0,980 0,930 1,000 0,510 1,000 0,050 1,000 0,590 1,000 0,640 1,000 0,360 1,000 0,180 1,000 0,894 0,765 0,600 1,000 0,561 0,867

idx15 0,220 1,000 0,430 1,000 0,720 1,000 0,540 1,000 0,240 1,000 0,560 1,000 0,510 1,000 0,550 1,000 0,620 1,000 0,478 0,772 0,414 0,207 0,820 1,000 0,316 0,908 0,525 0,443

idx19 0,300 1,000 0,410 1,000 0,570 0,990 0,490 1,000 0,390 0,840 0,410 1,000 0,460 1,000 0,830 1,000 0,340 1,000 0,679 0,202 0,870 1,000 0,800 0,920 0,842 0,298

Panel B: Sell

idx4 0,350 1,000 0,260 1,000 0,090 1,000 0,150 1,000 0,880 0,970 0,320 1,000 0,480 1,000 0,150 1,000 0,940 1,000 0,421 0,566 0,330 0,907 0,620 0,970 0,365 0,365 0,152 0,990 0,243 0,557

idx6 0,520 1,000 0,420 1,000 0,260 1,000 0,510 1,000 0,310 1,000 0,620 1,000 0,660 1,000 0,460 1,000 0,410 1,000 0,263 0,800 0,170 0,950 0,683 0,220 0,420 0,659 0,414 0,939 0,476 0,556

idx11 0,700 1,000 0,410 1,000 0,280 1,000 0,230 1,000 0,260 1,000 0,330 1,000 0,380 1,000 0,460 1,000 0,370 1,000 0,452 0,452 0,484 0,774 0,600 0,990 0,446 0,457 0,566 0,818

idx12 0,540 1,000 0,350 1,000 0,390 0,990 0,280 1,000 0,270 0,860 0,400 1,000 0,390 1,000 0,580 1,000 0,680 1,000 0,460 0,800 0,780 1,000 0,415 0,317 0,510 0,890 0,788 0,538

idx15 0,540 1,000 0,560 1,000 0,600 1,000 0,560 1,000 0,600 1,000 0,370 1,000 0,330 1,000 0,260 1,000 0,370 1,000 0,390 0,830 0,160 0,870 0,222 0,111 0,539 0,764 0,280 0,980 0,587 0,685

idx19 0,070 1,000 0,190 0,870 0,020 0,590 0,730 0,980 0,000 0,090 0,290 1,000 0,380 1,000 0,320 1,000 0,880 0,990 0,444 0,970 0,920 0,210 0,697 0,685 0,610 0,500

Panel C: B-S

idx4 0,610 1,000 0,810 1,000 0,900 1,000 0,830 1,000 0,100 1,000 0,700 1,000 0,670 1,000 0,710 1,000 0,310 1,000 0,338 0,800 0,700 1,000 0,629 0,471 0,663 0,980

idx6 0,440 1,000 0,810 1,000 0,800 1,000 0,430 1,000 0,760 1,000 0,460 1,000 0,570 1,000 0,580 1,000 0,690 1,000 0,750 0,908 0,540 0,990 0,632 0,987 0,414 0,980

idx11 0,180 1,000 0,690 1,000 0,960 1,000 0,660 1,000 0,630 1,000 0,470 1,000 0,500 1,000 0,490 1,000 0,740 1,000 0,705 0,886 0,510 1,000 0,676 0,930 0,505 0,948

idx12 0,390 1,000 0,540 1,000 0,900 1,000 0,700 1,000 0,310 0,990 0,630 1,000 0,670 1,000 0,270 1,000 0,180 1,000 0,300 1,000 0,571 1,000

idx15 0,260 1,000 0,380 1,000 0,620 1,000 0,560 1,000 0,290 1,000 0,580 1,000 0,590 1,000 0,760 1,000 0,640 1,000 0,552 0,914 0,920 0,990 0,469 1,000 0,436 0,945

idx19 0,860 1,000 0,720 1,000 0,970 0,900 0,310 1,000 1,000 0,160 0,570 1,000 0,540 1,000 0,840 1,000 0,140 1,000 0,602 0,867 0,360 0,590 0,500 0,690
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Table 7.11: Spotting significant cases from E-GARCH replicas 

 Panel A: Buy X1 

 

X2 

 

X3 

 

X4 

 

X5 

 

X6 

 

X7 

 

X8 

 

X9 

 

X10 

 

X11 

 

X12 

 

X13 

 

X14 

 

X15 

 

X16 

 

X17 

 

X O XO 

idx4   O   O   O   O   O   O   O   O   O           O                     0 10 0 

idx6   O   O   O   O   O   O   O   O   O           O     X               1 10 0 

idx11   O   O   O   O   O   O   O   O   O           O                     0 10 0 

idx12   O   O   O   O X O   O   O   O   O           O                     1 10 1 

idx15   O   O   O   O   O   O   O   O   O           O               O     0 11 0 

idx19   O   O   O   O       O   O   O   O           O               O     0 10 0 

X 0   0   0   0   1   0   0   0   0   0   0   0   0   1   0   0   0   2 
  

O 6   6   6   6   5   6   6   6   6   0   0   6   0   0   0   2   0   
 

61 
 

XO 0   0   0   0   1   0   0   0   0   0   0   0   0   0   0   0   0   
  

1 

Panel B: Sell 

                                  
   

idx4   O   O   O   O   O   O   O   O X O       O   O               O     1 12 1 

idx6   O   O   O   O   O   O   O   O   O           O               O     0 11 0 

idx11   O   O   O   O   O   O   O   O   O           O                     0 10 0 

idx12   O   O   O   O       O   O   O   O           O                     0 9 0 

idx15   O   O   O   O   O   O   O   O   O                           O     0 10 0 

idx19   O           O       O   O   O   O       O X                       1 7 0 

X 0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

1 
 

0 
 

0 
 

1 
 

0 
 

0 
 

0 
 

0 
 

0 
 

2 
  

O 6 
 

5 
 

5 
 

6 
 

4 
 

6 
 

6 
 

6 
 

6 
 

0 
 

2 
 

4 
 

0 
 

0 
 

0 
 

3 
 

0 
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XO 0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

1 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
   

1 

Panel C: B-S 

                                  
   

idx4   O   O   O   O X O   O   O   O   O           O               O     1 11 1 

idx6   O   O   O   O   O   O   O   O   O       O   O           O   O     0 13 0 

idx11   O   O   O   O   O   O   O   O   O           O           O   O     0 12 0 

idx12   O   O   O   O   O   O   O   O   O           O               O     0 11 0 

idx15   O   O   O   O   O   O   O   O   O       O   O               O   O 0 13 0 

idx19   O   O   O   O       O   O   O   O                                 0 8 0 

X 0   0   0   0   1   0   0   0   0   0   0   0   0   0   0   0   0   1 
  

O 6   6   6   6   5   6   6   6   6   0   2   5   0   0   2   5   1   
 

68 
 

XO 0 
 

0 
 

0 
 

0 
 

1 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
 

0 
   

1 

Notes: This table spots the significant cases of Table 5.10. Returns and standard deviations fractions that are statistically significant at a 10% 
level are marked with X and O respectively. Totals of “Xs” and “Os” are calculated for each trading rule and market index at the last three rows 
and columns respectively. Panels A, B and C regard “Buy”, “Sell” and “Buy-Sell” (B-S) signals accordingly. 
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Table 7.12: Aggregate performance of TA for each market 

 

Notes: Caps refer to the actual mean returns and standard deviations and small-caps for the simulated ones. 

Panel A: GARCH-m Fraction MEAN mean Fraction STD std Fraction MEAN mean Fraction STD std Fraction MEAN mean Fraction STD std

idx2 0,3747 0,0025 0,0024 0,4920 0,0162 0,0173 0,5012 -0,0076 0,0000 0,3923 0,0148 0,0163 0,4390 0,0040 0,0008 0,3816 0,0201 0,0185

idx3 0,4232 0,0010 0,0010 0,5103 0,0101 0,0096 0,6099 -0,0012 -0,0001 0,4059 0,0094 0,0084 0,2916 0,0014 0,0005 0,4888 0,0109 0,0103

idx4 0,4585 0,0043 0,0017 0,4437 0,0135 0,0124 0,4478 -0,0006 -0,0007 0,4271 0,0137 0,0129 0,4871 0,0028 0,0009 0,4067 0,0153 0,0144

idx6 0,4845 0,0038 0,0016 0,4221 0,0125 0,0122 0,5320 -0,0010 -0,0009 0,4170 0,0131 0,0141 0,4490 0,0005 0,0006 0,4236 0,0148 0,0153

idx7 0,5093 -0,0004 -0,0005 0,5809 0,0089 0,0132 0,6015 -0,0031 0,0002 0,3768 0,0146 0,0135 0,4229 0,0022 0,0002 0,4733 0,0135 0,0145

idx11 0,5543 -0,0006 0,0025 0,4046 0,0115 0,0116 0,5216 -0,0007 -0,0007 0,3200 0,0146 0,0124 0,5370 0,0000 0,0012 0,3459 0,0146 0,0139

idx12 0,4660 -0,0009 0,0002 0,5925 0,0119 0,0139 0,5478 -0,0007 0,0005 0,4852 0,0134 0,0143 0,4386 0,0003 0,0000 0,5352 0,0141 0,0156

idx24 0,3787 0,0053 0,0016 0,6505 0,0120 0,0168 0,4225 0,0006 0,0006 0,5418 0,0156 0,0174 0,4001 0,0023 0,0017 0,5304 0,0181 0,0192

Panel B: E-GARCH

idx4 0,5755 0,0043 0,0046 0,8232 0,0135 0,0242 0,3833 -0,0006 -0,0025 0,8883 0,0137 0,0263 0,6131 0,0028 0,0030 0,9424 0,0153 0,0288

idx6 0,5458 0,0038 0,0049 0,8296 0,0125 0,0272 0,4398 -0,0010 0,0004 0,8749 0,0131 0,0304 0,6058 0,0005 0,0017 0,9896 0,0148 0,0363

idx11 0,5725 -0,0006 0,0038 0,7868 0,0115 0,0254 0,4262 -0,0007 0,0009 0,8922 0,0146 0,0315 0,5935 0,0000 0,0007 0,9819 0,0146 0,0327

idx12 0,5088 -0,0009 0,0001 0,9677 0,0119 0,0241 0,4880 -0,0007 -0,0053 0,8853 0,0134 0,0225 0,4965 0,0003 0,0001 0,9991 0,0141 0,0257

idx15 0,4959 0,0004 0,0015 0,8807 0,0079 0,0188 0,4246 0,0014 -0,0023 0,8827 0,0091 0,0204 0,5429 -0,0001 -0,0005 0,9884 0,0098 0,0220

idx19 0,5685 0,0019 0,0037 0,8654 0,0123 0,0174 0,4270 -0,0021 -0,0021 0,7604 0,0169 0,0211 0,6177 0,0020 0,0025 0,8506 0,0165 0,0203

Buy Sell B-S
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The aggregate behaviour of TA is illustrated in Tables 7.12 and 7.13 under 

two different perspectives. In Table 7.12 the averages of all trading rules are being 

calculated so it is plausible to make some conclusion for each market separately. In 

Table 7.13 averages are calculated across the various markets. This way the joint 

performance of each trading rule is being examined separately. 

A very intriguing finding results from Table 7.12. The universe of technical 

rules implemented on the examined markets generates actual returns with the 

expected signs but none of these cases is statistical significant as indicated by the 

reported fractions (simulated p-values). More concrete, the combination of bullish 

trading rules generates mean, daily positive returns to 7 out of 10 examined market 

indices.
71

 Bearish trading rules perform marginally better, since at 8 out of 10 market 

indices, returns generated are negative. The whole universe of trading rules performs 

even better since it generates positive returns at 9 out of 10 markets. Unfortunately for 

advocators of TA none of the above cases is statistical significant. The market which 

is closer to be characterised as weak-form inefficient is idx3 where TA generates an 

average daily return of 14 basis points with a “p-value” of 0.2916. But still this figure 

is too big to indicate statistical significance. When examining Table 7.13 similar 

conclusions can be made. Regarding “bullish” trading signals, there is no indicator 

nor a pattern that generate, across the examined data set, significant positive returns 

(all p-values are greater than 0.1).Focusing on “bearish” signals only x14 generates 

statistically significant, mean, daily negative returns of -0.97% (“p-value” is 0.9242). 

Combining both types of signals two patterns (x14 and x17) generate significant 

positive returns (“p-values” of 0.000 and 0.042 respectively). Results regarding 

profitability are aligned with those reported by ordinary statistical test, and exhibit 

TA‟s illusive performance.  

Results for the standard deviation corroborate the “Black phenomenon” 

mentioned previously. Standard deviations observed in the actual price series tend to 

be larger after sell signals compared with those realised after buy signals. From Table 

7.12, except from idx2 and idx3, all other indices realise returns with lower volatilities 

when these returns occur from buy signals compared with those resulting from sell 

signals. This observation is valid when we observe the performance of trading signals 

                                                             
71

 Although we examine 8 markets with the GARCH-m and 6 with the E-GARCH 4 markets 

appear at both cases (idx4, idx6, idx11 and idx12). This means that when actual returns are 

examined, our dataset consist by 10 different market indices. 
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in Table 7.13. The majority of trading rules signify “buy” periods with lower volatility 

than “sell” periods. Furthermore, standard deviation of trading returns generated by 

the combination of buy and sell signals is larger than both isolated signals. This means 

that the better but not efficient performance of B-S signals might be attributed to 

periods with higher risk.  

Although the “black phenomenon” is present in our dataset it does not have a 

great magnitude. For instance Brock, et al. (1992) examined three different trading 

rules (variable-length moving average-VMA, fixed-length moving average-FMA and 

trading range break-TRB) on the actual DOW series. The standard deviations for 

actual “buy” signals were 0.0089, 0.03064 and 0.03 for each of the above trading 

rules. Regarding “sell” signals these figures were 0.01342, 0.04156 and 0.053 

respectively. These records give an average difference of 0.0128 where in our dataset 

this figure is 0.002. Thus GARCH-m generally generates returns with standard 

deviations not statistical significant different than those obtained from the actual 

series. On the contrary E-GARCH model overestimates volatilities for both buying 

and selling periods.  
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Table 7.13: Aggregate performance of TA for each technical rule 

 

Notes: Caps refer to the actual mean returns and standard deviations and small-caps for the simulated ones.

Panel A: GARCH-m Fraction MEAN mean Fraction STD std Fraction MEAN mean Fraction STD std Fraction MEAN mean Fraction STD std

X1 0,2313 0,0019 0,0005 0,6550 0,0134 0,0154 0,5038 0,0001 -0,0001 0,3288 0,0166 0,0154 0,3275 0,0009 0,0003 0,4538 0,0152 0,0155

X2 0,5525 0,0002 0,0003 0,1963 0,0201 0,0167 0,3800 0,0007 0,0000 0,6325 0,0130 0,0140 0,6075 -0,0004 0,0001 0,3575 0,0160 0,0153

X3 0,7375 -0,0014 0,0005 0,2850 0,0173 0,0161 0,2825 0,0012 -0,0001 0,1788 0,0200 0,0164 0,8350 -0,0012 0,0003 0,1825 0,0189 0,0163

X4 0,5600 0,0001 0,0005 0,5725 0,0138 0,0149 0,4688 0,0004 0,0001 0,3500 0,0164 0,0157 0,5613 -0,0002 0,0002 0,4588 0,0151 0,0155

X5 0,4375 0,0017 0,0005 0,7425 0,0126 0,0172 0,4163 0,0000 -0,0002 0,5025 0,0173 0,0172 0,5250 0,0009 0,0003 0,6300 0,0151 0,0174

X6 0,3788 0,0008 0,0006 0,3875 0,0153 0,0155 0,6300 -0,0003 0,0001 0,4625 0,0147 0,0155 0,3450 0,0006 0,0002 0,4125 0,0150 0,0155

X7 0,5163 0,0005 0,0006 0,4100 0,0151 0,0154 0,6425 -0,0003 0,0001 0,4300 0,0149 0,0154 0,3975 0,0004 0,0002 0,4188 0,0150 0,0154

X8 0,3288 0,0013 0,0007 0,5138 0,0144 0,0155 0,5438 -0,0001 0,0000 0,4938 0,0149 0,0154 0,3475 0,0007 0,0003 0,4975 0,0146 0,0154

X9 0,3325 0,0012 0,0007 0,9338 0,0110 0,0144 0,8063 -0,0018 0,0001 0,2038 0,0196 0,0172 0,1700 0,0014 0,0004 0,5225 0,0148 0,0157

X10 0,6390 -0,0032 0,0007 0,5709 0,0020 0,0048 0,5437 -0,0018 -0,0004 0,4144 0,0035 0,0040 0,4196 0,0019 0,0003 0,6549 0,0052 0,0071

X11 0,8400 -0,0020 -0,0003 0,4822 0,0018 0,0021 0,3359 0,0043 0,0015 0,3707 0,0114 0,0120 0,9246 -0,0029 -0,0004 0,4024 0,0041 0,0047

X12 0,4288 0,0019 0,0009 0,6834 0,0139 0,0167 0,4726 0,0000 -0,0004 0,5165 0,0176 0,0186 0,4143 0,0010 0,0006 0,6023 0,0158 0,0178

X13 0,4091 0,0006 0,0009 0,0909 0,0000 0,0000 0,6716 -0,0046 0,0038 0,2227 0,0018 0,0029 N/A 0,0000 0,0000 N/A 0,0000 0,0000

X14 0,2784 0,0072 0,0027 0,0911 0,0031 0,0012 0,9242 -0,0097 -0,0026 0,1869 0,0000 0,0001 0,0000 0,0044 0,0000 0,0000 0,0041 0,0000

X15 0,4878 0,0068 0,0059 0,4562 0,0034 0,0060 0,7305 -0,0105 -0,0050 0,2897 0,0095 0,0049 0,2655 0,0088 0,0053 0,4011 0,0107 0,0087

X16 0,3724 0,0038 0,0016 0,4992 0,0114 0,0131 0,3704 0,0014 -0,0005 0,5130 0,0119 0,0146 0,4432 0,0019 0,0010 0,4685 0,0139 0,0148

X17 0,3561 0,0060 0,0019 0,4127 0,0018 0,0031 0,6780 -0,0074 -0,0003 0,6778 0,0024 0,0072 0,0420 0,0049 0,0010 0,2248 0,0063 0,0038

Panel B: E-GARCH

X1 0,3550 0,0022 0,0019 1,0000 0,0120 0,0264 0,4533 -0,0004 -0,0007 1,0000 0,0147 0,0272 0,4567 0,0013 0,0013 1,0000 0,0135 0,0269

X2 0,6033 -0,0006 0,0006 0,9950 0,0189 0,0314 0,3650 0,0006 0,0001 0,9783 0,0119 0,0218 0,6583 -0,0006 0,0001 1,0000 0,0149 0,0264

X3 0,7533 -0,0011 0,0015 0,9983 0,0159 0,0272 0,2733 0,0014 -0,0004 0,9300 0,0193 0,0295 0,8583 -0,0012 0,0010 0,9833 0,0178 0,0284

X4 0,5400 0,0003 0,0013 1,0000 0,0106 0,0240 0,4100 0,0008 0,0004 0,9967 0,0146 0,0293 0,5817 -0,0002 0,0005 1,0000 0,0128 0,0269

X5 0,3467 0,0037 0,0020 0,9733 0,0136 0,0277 0,3867 0,0013 -0,0007 0,8200 0,0206 0,0325 0,5150 0,0013 0,0013 0,8583 0,0177 0,0304

X6 0,5150 0,0012 0,0009 1,0000 0,0139 0,0266 0,3883 0,0000 -0,0008 1,0000 0,0134 0,0268 0,5683 0,0006 0,0008 1,0000 0,0137 0,0267

X7 0,5800 0,0008 0,0009 1,0000 0,0137 0,0267 0,4367 -0,0002 -0,0007 1,0000 0,0136 0,0269 0,5900 0,0005 0,0008 1,0000 0,0136 0,0268

X8 0,5300 0,0013 0,0009 1,0000 0,0133 0,0265 0,3717 -0,0001 -0,0014 1,0000 0,0136 0,0275 0,6083 0,0007 0,0012 1,0000 0,0135 0,0271

X9 0,5333 0,0016 0,0019 1,0000 0,0100 0,0219 0,6083 -0,0023 -0,0013 0,9983 0,0177 0,0328 0,4500 0,0018 0,0017 1,0000 0,0133 0,0272

X10 0,5610 -0,0011 0,0029 0,6276 0,0027 0,0126 0,4363 -0,0006 0,0005 0,5087 0,0021 0,0052 0,5215 0,0012 0,0013 0,8432 0,0034 0,0102

X11 0,5781 0,0000 0,0044 0,2722 0,0071 0,0073 0,3952 0,0017 0,0018 0,8469 0,0093 0,0258 0,6347 -0,0007 -0,0006 0,8964 0,0062 0,0160

X12 0,6950 -0,0001 0,0019 0,9967 0,0138 0,0287 0,5417 -0,0021 -0,0016 0,8317 0,0215 0,0331 0,5550 0,0011 0,0018 0,9283 0,0181 0,0310

X13 0,6364 0,0008 0,0017 0,1364 0,0000 0,0000 0,5488 -0,0037 -0,0034 0,2683 0,0000 0,0000 N/A 0,0000 0,0000 N/A 0,0000 0,0000

X14 0,2823 0,0059 0,0031 0,1002 0,0000 0,0001 0,2222 0,0029 -0,0085 0,1111 0,0000 0,0000 N/A 0,0000 0,0000 N/A 0,0000 0,0000

X15 0,6230 0,0034 0,0049 0,4271 0,0038 0,0049 0,4934 -0,0060 -0,0094 0,5860 0,0053 0,0145 0,6454 0,0034 0,0050 0,7959 0,0048 0,0142

X16 0,5076 0,0037 0,0065 0,7859 0,0097 0,0189 0,4219 0,0006 0,0055 0,8529 0,0127 0,0246 0,5206 0,0021 -0,0005 0,9330 0,0132 0,0250

X17 0,6351 -0,0006 0,0050 0,2982 0,0015 0,0101 0,5234 -0,0020 -0,0048 0,5837 0,0015 0,0075 0,4364 0,0002 0,0002 0,9455 0,0006 0,0068

Buy Sell B-S
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7.5 Summary and Conclusions 
 

In this chapter the generalised predictive power of TA was evaluated by considering a 

universe of 17 technical indicators and patterns. These set of trading rules was applied 

on 25 of the world‟s most famous market indices. The efficacy of TA was tested by 

both ordinary statistical tests and bootstrap tests. Methodology used in this chapter is 

based on the one implemented in (Brock, et al., 1992). Ordinary statistical tests 

include t-ratios and Bernoulli trials. But whereas these tests assume normal, 

stationary, and time independent distributions, real price series deviate from these 

assumptions and they present leptokurtosis, autocorrelation and conditional 

heteroskedasticity. To deal with these issues, bootstrap tests are carried, and 

distributions are generated from simulated null models for market indices. The models 

used for this purpose are AR(1), GARCH-m and E-GARCH. 

Regarding ordinary statistical tests, the performance of each technical rule is 

assessed by examining the returns generated by bullish (buy) signals, bearish (sell) 

signals and by the combination them (Buy-Sell signals). “Buy” and “Buy-Sell” 

signals generate more often positive returns, whereas “Sell” signals produce more 

frequently negative ones. But the frequencies of the returns that are statistically and 

significantly different from the unconditional mean returns are dramatically lower. In 

addition each signal is treated as a Bernoulli trial and it is assessed if the 

aforementioned frequencies differ in a significant manner from a 50% pure chance. 

Concerning “buy” signals, a proportion of 71.19% generate positive returns with 

frequencies greater than 50%.When focusing on the cases where these frequencies 

differ significantly from the benchmark of 50%, this proportion reduces to 12.99%. A 

further exacerbation occurs, and this figure drops to 5.37%, when centering attention 

to the cases that mean returns generated are significantly different than the 

unconditional mean return. Similar is the picture for “sell” signals. 

It is asserted that technical patterns occur seldom but are very reliable. Results 

of this chapter corroborate this statement. In general technical patterns outperform 

indicators with x10 and x15 (“Head and Shoulders” and “Wedges”) being the most 

reliable. As already mentioned, the subjectivity embedded in the identification of 

technical patterns, may allow for short time delays, for the incorporation of “new 

information” to prices. Here “new information” refers to the realization by the 

investment community of a pattern‟s fully formation. Unbiased recognizers, like the 
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proposed identification mechanisms of this thesis, may take benefit of such time 

delays. But patterns‟ superior performance is compensated by their low frequencies of 

observations. This is a very important aspect to consider since indicators produce 

numerous signals, which forces the mean trading returns to approximate the 

unconditional means. Finally, higher levels of inefficiencies are found in Asia/Pacific 

markets (idx24 and idx19). This is also aligned with results reported by earlier studies 

(Bessembinder & Chan, 1995; Ito, 1999; Loh, 2007). 

Bootstrap results are acquired by comparing the actual trading returns and 

returns generated in simulated price series. LBQ-tests and Engle‟s ARCH- tests are 

implemented to ensure that residuals obtained from AR(1) and standardized residuals 

from GARCH-m and E-GARCH models are IID, and thus proceed to the bootstrap 

resampling. Simulated series keep the characteristics of the original price series but 

they are random. Overall bootstrap results corroborate those acquired by ordinary 

statistical tests. They present even less statistical significant cases which implies that 

some of the distributional assumptions made in ordinary statistical tests may affect 

statistical inferences. At GARCH-m replicas  most reliable patterns  are x14 and x17 

(“Pennants” and “Triple tops/bottoms”) very similar patterns
72

 with the best 

performing patterns (x10  and x15) implied by ordinary statistical tests. Generally the 

GARCH-m model manages to explain the returns that the examined trading rules 

generate. This implies no predictability for TA. In addition the overall performance of 

the examined trading rules is not sufficient to characterise any of the examined 

markets as weak-form inefficient. Actual trading returns are generally less volatile at 

“buy” periods than “sell” periods. But the magnitude of this phenomenon is not 

sufficiently large. This makes E-GARCH model to overestimate volatilities at both 

types of periods. This in turns generates greater artificial returns than actual ones in 

absolute terms, and constitutes TA useless. 

The overall conclusion drawn from both testing procedures is that TA 

performs as assert many technical manuals, but not in an efficient way. To be more 

specific bullish and bearish strategies generally produce mean positive and negative 

returns accordingly. The magnitude of those returns though, is not statistically 

significant. This constitutes the TA performance misleading. In addition it is reported 

                                                             
72

 For example the normal form of the “Head-and-Shoulders” differ from the “Triple tops” 

pattern in that the middle peak (head) is higher than the other peaks (shoulders).  
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that various cognitive biases characterize the trading behaviour of investors (Zielonka, 

2004). The combination of those two statements may be conducive to the persistence 

of many investors to base their trading decisions on TA. In other words, in a not ideal 

world, irrational, unsophisticated or biased investors exist, and they may stick with the 

first illusive impression rather seeing the whole picture. 

Transactions costs were not considered in this analysis. The imposition of 

transaction costs would deteriorate further the performance of TA. This would be a 

further point to consider if results reported here were in favour of TA. Since overall 

results are in favour of weak form EMH this omission is of little importance. 

Furthermore, when investors are financial intermediaries (like Hedge funds or Mutual 

Funds) that can make transactions with beneficiary trading cost compared to other 

individual investors, an assumption of close to zero transaction costs is realistic. 
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CHAPTER 8 

PARAMETER OPTIMIZATION AND NEURAL 

NETWORKS FOR THE GENERALIZED ASSESSMENT 

OF TECHNICAL ANALYSIS 

 

8.1 Introduction 

 
This chapter aims to assess the generalised efficacy of TA, by developing a trading 

system that simulates, or at least captures principles found in the manner that 

investors act in real life. To do so we need to deal with two main aspects. First we 

could argue that a technician chooses from a wide universe of technical indicators and 

patterns, only those which he/she expects to perform better in the future. In addition 

for each one of the selected technical tools, he must choose the parameters used for its 

identification (in case of a pattern) or calculation (in case of a technical indicator). 

The latter one is usually dealt with a process of parameter optimization, where we run 

a back testing for all the parameter combinations candidates, and select the best 

performing one for future investment recommendations. Someone who includes TA 

within his trading activities silently assumes or accepts that history is being repeated. 

With the same manner of thinking, we could argue that the same person would assert 

that the parameter combination which performed best in the past will continue to 

perform with the same way in the future. 

 After selecting the technical indicators and patterns, and their corresponding 

parameters, a technician will probably give a different weight to each one of them 

according to its past performance. This issue can be dealt with a neural network, 

where the input variables will be the “optimal” technical indicators and patterns and 

the target variables will be the returns of the examined financial asset. In addition 

when using an artificial neural network the architecture selection is also a problem we 

should consider. In this chapter we use a multifold variation, of the hv-cross 

validation for depended variables (Brownleesa & Gallob, 2011; Racine, 2000) for 

defining the architecture of the network. The whole process is being repeated for each 

different price series examined. 
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All the aforementioned issues are being dealt within this chapter. More 

concretely, section 8.2 exhibits our proposed ANOVA-based technique for parameter 

optimization, section 8.3 presents a multifold variation of “hv-cross validation” 

method for specifying the architecture of the network, section 8.4 assesses the 

performance of the network and finally section 8.5 provides a summary and 

concludes.  

 

8.2 Parameter Optimization 

 
Over the years an abundant of technical indicators and patterns have been developed 

to describe stock performance, as well as to predict future price movements. If we 

also consider that each one is being defined by a number of different parameters, an 

assemblage of numerous technical tools is available for every technician. In order to 

test the efficacy of TA, it is vital to implement in our trading strategies from the whole 

universe of technical indicators and patterns only the best performing ones, calculated 

(or identified) with the best performing parameters. 

Data mining is the extraction of knowledge, in the form of patterns, rules, 

models, functions, and such, from large databases (Aronson, 2007). Data mining basic 

idea is the identification and selection of the best performing solution to a problem.
73

 

In this part we focus on the parameter optimization which is the narrowest form of 

data mining. From the universe of our technical rules we examine individually the 

performance of each parameter combination. For a given indicator with n parameters, 

the number of different combinations assessed equals with the product of the number 

of the values tested for each parameter. Table 8.1 presents the different values, for 

each parameter and for each individual indicator/pattern tested. For instance, indicator 

x4 is calculated using two parameters: a short term and a medium term moving 

average. For the first parameter 5 different values are used (1, 2, 3, 4 and 5). Another 

set of 7 different values is used for the second parameter, resulting in a total of 35 

different combinations. The general symbolism for the representation of the different 

values used for each parameter is given by the following expression: 

 
 𝑎: 𝑠: 𝑧 ~𝑛 (8.1) 

 

                                                             
73

 This process is also known as multiple comparison procedure (Jensen & Cohen, 2000). 
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where a and z are the first and last values of the set, and s symbolizes the step 

implemented. n variable indicates the size of the set (number of different parameter 

values). For example {10:5:40}~7 indicates the set {10, 15, 20, 25, 30, 35, 40}. 

Combinably, 328 and 179 different parameter combinations are assessed for the 

examined technical indicators and patterns respectively, giving a total of 507 different 

combinations. 

 

Table 8.1: Parameters examined for each technical rule 

xi Technical Indicators/Patters Parameters Parameters’ Values 

Panel A: Technical Indicators~328 

x1 MACD~75 
Long term Exponential Moving 

Average (EMA) 
{22:2:30}~5 

  
Short term (EMA) {8:2:16} ~5 

  
Signal Line {7:2:11} ~3 

x2 Relative Strength Index (RSI)~42 Day period {10:2:20} ~6 

  

Upper levels used for generating 

signals 
Lower levels = 100 - Upper levels 

{60:5:90} ~7 

x3 Bollinger Bands~7 Day period {10:5:40} ~7 

x4 Moving Average Crossovers (short term)~ 35 Short term Moving Average (MA) {5:5:25} ~5 

  
Medium term MA {30:5:60} ~7 

x5 Moving Average Crossovers (long term)~25 Short term MA {1:1:5} ~5 

  
Long term MA {100:50:300} ~5 

x6 Momentum (MOM)~42 MOM {10:2:20} ~6 

  
MA applied on MOM {7:2:19} ~7 

x7 Price Rate of Change (ROC) ~42 ROC {10:2:20} ~6 

  
MA applied on ROC {7:2:19} ~7 

x8 Price Rate of Change (ROC) ~54 ROC {10:2:20} ~6 

  
Levels used for generating signals 

±{0.045:0,005:0.085} 

~9 

x9 Highest High (HH) and Lowest Low(LL)~6 Day period {10:2:20} ~6 

Panel B: Technical Patterns~179 

x10 Head and Shoulders~5 
Rolling Window (RW) for locals‟ 

identification 
{20:10:60} ~5 

x11 Saucers tops/bottoms~40 Bounds {0.16:0.02:0.30} ~8 

  
tWidth {15}~1 

  
tFit {0.7:0.05:0.90} ~5 

x12 Support and Resistance~16 RW {30:10:60} ~4 

  
Bounds {0.03:0.01:0.06} ~4 

x13 Flags~36 RW {4:2:8} ~3 

  
MA for trend preexistence: {40:10:60} ~3 

  

Days examined for trend 

determination 
{10:4:22} ~4 

x14 Pennants~36 Same as Flags Same as Flags 

x15 Wedges~36 Same as Flags Same as Flags 

x16 Double tops/bottoms~5 RW:20 days {20:10:60} ~5 

x17 Triple tops/bottoms~5 RW:20 days {20:10:60} ~5 

Notes: Column xi presents the corresponding symbols for each technical indicator/pattern. “Parameters” 

column illustrates the parameters used for each xi. “Parameters‟ Values” column presents the values 

examined for each parameter. For the same column, tiles indicate the number of parameters used, whereas 

tildes in other columns show the number of parameter combinations examined. 

 



 

164 
 

For each technical rule, a parameter optimization process involves the 

estimation of the returns generated by the corresponding buy and sell signals from 

each parameter combination. The optimal choice would be the best performing 

combination, where the performance would be measured by the average resultant 

returns (equation 8.1). 

 

𝑅 𝑥𝑖
𝑗

=
 𝑅𝑥𝑖 ,𝑏 ,𝑡

𝑗
− 𝑅𝑥𝑖 ,𝑠,𝑡

𝑗𝑛𝑠
𝑡=1

𝑛𝑏
𝑡=1

𝑛𝑏+𝑛𝑠
 (8.1) 

 

Here 𝑅 𝑥𝑖
𝑗

 represents the average return for indicator xi, when it is estimated with the j
th

 

parameter combination equals with the total returns generated by buy and sell 

signals
74

 (numerator of equation 8.1) divided by the number of “buy” signals (𝑛𝑏) 

plus the number of “sell” signals 𝑛𝑠 . The optimal parameter combination would 

maximize equation 8.1. 

Alternatively, we can run a separate ANOVA test for each combination j 

(Gujarati, 2003). Two dummy variables are used for this purpose: The first has ones 

when buy signals occur and the second has ones when sell signals occur. Zeros occur 

when no signal is generated and indicate a neutral position. The comparison is made 

with the days where no signals occurred (omitted variable). Resultant coefficients 

should have positive (negative) signs for the first (second) dummy respectively. 

 

𝑌𝑡 = 𝛽1 + 𝛽2𝐷2𝑡 + 𝛽3𝐷3𝑡 + 𝑢𝑡  (8.2) 

 

𝐷2𝑡  
1 𝑖𝑓 𝑎 𝑏𝑢𝑦 𝑠𝑖𝑔𝑛𝑎𝑙 𝑜𝑐𝑐𝑢𝑟𝑠
0 𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒                         

  (8.3) 

 

𝐷3𝑡  
1 𝑖𝑓 𝑎 𝑠𝑒𝑙𝑙 𝑠𝑖𝑔𝑛𝑎𝑙 𝑜𝑐𝑐𝑢𝑟𝑠
0 𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒                         

  (8.4) 

 

where Yt is the daily return on day t, D2t is the dummy variable for “buy” signals, D3t 

is the dummy variable for “sell” signals and 𝑢𝑡  is a random shock.  

For example let‟s look the case of MACD (x1) where 75 combinations are 

going to be assessed in an effort to identify the optimal one. Results for this analysis 

correspond to the 15
th

 combination
75

 and the S&P TSX Composite index of Canada 

(idx3).With the first simplified approach we obtain the results presented in Table 8.2.  

                                                             
74

 Returns generated from sell signals are being subtracted from those generated from buy 

signals due to their negative sign. 
75

 15
th
 combination: MACD= 22-days EMA – 16-days EMA. Signal line: 11-days MA. 
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Table 8.2: Results for x1 on idx3 (15
th

 parameter combination) 

 Buy Sell Total 

Total returns 0.11915 -0.19356 0.31271 
Average Returns 0.00128 -0.00208 0.00168 

Number of signals 93 93 186 

 

With the ANOVA test the results of equation 8.2 are: 

 

𝑌 𝑡  = 0,00021 + 0,00107𝐷2𝑡 − 0,00229𝐷3𝑡  (8.5) 

 

The relevant statistics of those results are being tabulated in Table 8.3. 

 

Table 8.3: ANOVA results 

 Omitted variable Buy Sell 

Coefficients 0.00021 0.00107 -0.00229 

Standard error 0.00025 0.00134 0.00134 
t-stat 0.84152 0.79985 -1.71085 

p-value 0.40013 0.42387 0.08722* 

Notes:* indicate statistical significance at 10% level 

 

From Table 8.3 we ascertain that 0.00021 (or 0.21%) is the average daily 

return from the days with no signals (neutral cases). The coefficient for D2t is positive 

and for D3t is negative as expected, although this is not always the case. The average 

daily return for “buy” signals results by comparing the coefficient of D2t with the 

coefficient of the omitted variable. More specific the average daily return for “buy” 

signals is 0.00021+0.00107=0.00128 (or 0.128%) This figure is the same with the 

result obtained with the simplified approach (Table 8.2). The same stands for the 

returns generated from sell signals. The benefit with the ANOVA test is that we 

estimate the statistical significance of the returns. In our example although both types 

of signals generate average daily returns with the expected sign, only sell signals 

generate statistical significant ones. 

Regarding the choice of the optimal parameter combination, the best 

performing one would produce positive (negative) coefficients for buy (sell) signals 

which are also statistical significant. Fig. 8.1 illustrates on a 3D Cartesian coordinate 

system, the relevant ANOVA coefficients for all technical indicators/patterns, for 

every individual parameter combination applied on idx3. It is worth to note that the 

vast majority of the coefficients of the omitted variable (neutral position) are placed 

close to zero. Generally, we would expect β1 to be close to zero, β2 to be positive and 
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β3 to be negative (see equation 8.2). It is also vital to note that the sign of coefficients 

β2 and β3 does not indicate the sign of the returns generated by buy and sell signals but 

the relevant performance of those signals compared with the average returns 

generated on days with no signals at all. 

Figure 8.1 can be simplified by extracting the z-axis in an effort to focus only 

on the relevant performance of buy and sell signals. The outcome is Fig. 8.2, where 

each quadrant signifies a zone with efficient or inefficient trading signals. For each 

technical indicator/pattern the optimal parameter combination should be located on 

the fourth quadrant where buy and sell signals generate greater and lower returns 

respectively, compared with those obtained from neutral positions. 

 

Figure 8.1: 3D illustration for ANOVA coefficients, for all parameter combinations and for 

all technical indicators/patterns (Canada). Different colors and symbols are used to 

represent different indicators and patterns (xi in Table 8.1). 

To clarify this further, we focus on one technical indicator, say MACD. 

ANOVA coefficients of the 75 different parameter combinations are illustrated in Fig. 

8.3. 38 out of them are located in the fourth  quadrant which makes them candidates 

for the optimal choice. Each point would have coordinates given by the following 

expression. 

 

𝑥𝑖
𝑗

= (𝛽1,𝛽2) (8.6) 

 

where 𝑥𝑖
𝑗
 signifies the coresponding point for indicator i calculated with the j

th
 pair of 

parameters. 
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Figure 8.2: 2D illustration for ANOVA coefficients (only for buy and sell signals) for all 

parameter combinations and for all technical indicators/patterns (Canada). 

 

The optimal point is the one which is located in the fourth quadrant and has the 

greatest distance from point z (0,0) simultaneously. Coordinates of cadidate points can 

be multiplied with (1-pvalue) to adjusts for the statistical significance of each signal. 

This process would bring points with lower statistical significance closer to the axis 

intersection. The adjusted for statistical significance points would be: 

 

𝑥𝑖
∗,𝑗 =  𝛽1 ∙  1 − 𝑝𝑣𝑎𝑙𝑢𝑒𝛽1 ,𝛽2 ∙  1 − 𝑝𝑣𝑎𝑙𝑢𝑒𝛽2  = (𝛽1

∗,𝛽2
∗) (8.7) 

 

The distance (ds) for each point from point z(0,0) would be given by the 

following equation: 

 

𝑑𝑠 =   𝛽1
∗ − 0 2+ 𝛽2

∗ − 0 2 (8.8) 

 

The best performing parameter combination for MACD, after adjustment for 

statistical significance is being depicted in Fig. 8.4. The same process is followed for 

every indicator and pattern which results in the selection of the optimal pair of 

parameters for each case. 
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Figure 8.3: MACD for Canada, 75 parameter combinations. Bold dots are the efficient 
ones (38 out of 75). 

 

 

 

Figure 8.4: Best performing parameter combination. From the 38 combinations the best 

performing combination is indicated. A circle is drawn by the points that have the same 

distance. Note that all other points are included in this circle.   
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8.3 Cross Validation for the Network’s Specification 

 
After identifying the optimal combination of parameters for each technical indicator 

and pattern, and before proceeding with the evaluation of the corresponding technical 

signals, it is vital to specify the architecture of the neural network. For instance, it is 

necessary to identify the optimal number of hidden units embedded in the NN. For 

this purpose a variety of procedures is suggested in the bibliography (Zapranis & 

Refenes, 1999).  

 The first attempt towards the development of a comprehensive neural model 

selection process was implemented by Moody (1992). He proposed a nonlinear 

estimation of the prediction risk dubbed Generalized Prediction Risk (GPE). The 

estimation of the prediction risk assesses the network‟s generalization and it is being 

traditionally used for the selection of the descriptive variables of linear models. In 

addition sets of information criteria are also used for the same purpose.
76

  

Resampling schemes, like cross validation (Stone, 1974) and bootstrap 

techniques (Efron, 1981) can also be used for the estimation of the prediction risk. 

Resampling schemes are free of distributional assumptions but generally they are 

computational expensive. The “leave-one-out CV”, “leave-nv-out CV”,
77

 “h-Block 

CV” (Burman, Chow, & Nolan, 1994), “one-side CV” (Hart & Yi, 1998) and “far-

casting CV” (Carmack, et al., 2009) are known cross-validation variations. They are 

considered consistent only for independent variables though. A CV scheme was 

proposed by Racine (2000) dubbed “hv-block cross validation” which is consistent for 

dependent data. As this method is also computationally expensive, a multifold variant 

of the initial proposal (Brownleesa & Gallob, 2011) is going to be implemented in this 

thesis, in order to decide the optimal number of hidden units. 

Assume we have an initial dataset of N observations 𝐷𝑁 = {𝒙𝑵,𝒚𝑵}, where 𝑦𝑁  

is a vector containing the target variables and 𝒙𝑵 is a matrix containing the 

explanatory variables (Table 8.1). From the initial dataset we keep a set of n 

observations  𝐷𝑛  for cross-validation and the decision of the architecture of the 
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 Cp (Mallows, 1973), Generalized Cross-Validation (Craven & Wahba, 1979; Golub, Heath, 

& Wahba, 1979), Final prediction Error (Akaike, 1970), Information Criterion A. (Akaike, 

1973) and Predicted Squared Error (Barron, 1984) are examples of such information criteria 
77

 also known as “v-fold cross validation” 
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network, and the remaining N-n observations (𝐷𝑁−𝑛) are used to test the performance 

of the effective network afterwards. 

The main idea behind the cross-validation method is the segmentation of the 

“n” data sample into two further subsamples; the train sample and the validation 

sample. The validation sample 𝐷𝑛
𝑖 ,𝑣 =  𝒙𝑛

𝑖,𝑣 ,𝒚𝑛
𝑖 ,𝑣  for a given time period i is composed 

by the v preceding and following observations (2v+1 observations). The training 

sample 𝐷𝑛
𝑖 ,−(𝑣+)

=  𝒙𝑛
𝑖 ,−(𝑣+)

,𝒚𝑛
𝑖 ,−(𝑣+)

  results by removing from the 𝐷𝑛  sample v+h 

(vector-valued) data points before and after observation i (n-2v-2h-1 observations). 

This means the relative complement of 𝐷𝑛
𝑖 ,𝑣+   is 𝐷𝑛  (equation 8.9). 

 

 𝐷𝑛
𝑖,−(𝑣+)

= 𝐷𝑛/𝐷𝑛
𝑖,𝑣+ ≡ (𝐷𝑛

𝑖 ,𝑣+)𝑐 ∩ 𝐷𝑛  (8.9) 

 

The h parameter insures near independence of the two subsets and the v 

parameter insures that the validation sample is not singleton (Racine, 2000).
78

 For a 

given number of hidden units a network is trained on the training sample and the 

forecast evaluation is implemented by averaging the prediction losses realised in the 

validation sample. This procedure is performed 𝑟 = 𝑛/(2𝑣 + 2 + 1) times in a 

manner that there is no overlapping across validation samples (Brownleesa & Gallob, 

2011). The estimation of prediction risk 𝑃 𝜆under this CV scheme for the network with 

ι hidden units (gι) is estimated by the following equation.  

 

𝑃 𝜆 ≡ 𝐶𝑉𝐷𝑛  𝑔𝜆 =
1

𝑟 2𝑣+1 
×  𝒚𝑛

𝑖 ,𝑣 − 𝒚 𝑛
𝑖,𝑣 

2

𝑖𝜖𝒯  (8.10) 

 

where 𝒯 =  𝑣 +  + 1 + 𝑗 2𝑣 + 2 + 1 ,∀ 𝑗 = 0,⋯ , 𝑟 − 1  ,  𝒂 =  𝒂′𝒂 and 𝒚 𝑛
𝑖 ,𝑣

is 

the vector containing the predictions for the validation sample. The optimal network 

would have a structure that minimizes the prediction risk. This network is going to be 

applied subsequently on the test sample (𝐷𝑁−𝑛 ). 
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 The optimal choice of the h and v parameter is left for further investigation. However, 

Racine (2000) suggests some boundaries to ensure the consistency of the CV scheme. In 

addition, the hv-block variant encloses other special cases of CV schemes, if h and v 

parameters take specific values. For instance, “leave-one-out CV”, “leave-nv-out CV” and “h-

block CV” result when h=v=0, h=0 and v>0 and finally when h>0 and v=0 respectively. 
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8.4 Assessing the Network’s Performance 

 
A bundle of indicators are being used in order to measure the forecasting and the 

trend-prediction accuracy of the network. The first class of indicators includes among 

others the MSE, RMSE, NMSE and MAE (equations 8.11-15). The second category 

of indicators (POCID, IPOCID and POS) measures the ability of the examined model 

to predict changes regardless their size (equations 8.16-21). In the following 

equations, 𝑦𝑡  and 𝑦 𝑡  symbolize the target and predicted variables on time t, for the 

examined test data sample sized n. A detailed description of these indicators is 

provided by Zapranis and Refenes (1999). 

 

Mean Squared Error (MSE): 

 

𝑀𝑆𝐸 =
1

𝑛
  𝑦𝑡 − 𝑦 𝑡 

2𝑛
𝑡=1  (8.11) 

 

Root Mean Squared Error (RMSE): 

 

𝑅𝑀𝑆𝐸 =  
1

𝑛
  𝑦𝑡 − 𝑦 𝑡 2𝑛
𝑡=1 =  𝑀𝑆𝐸 (8.12) 

 

Normalized Mean Squared Error (NMSE): 

 

𝑁𝑀𝑆𝐸 =
  𝑦𝑡−𝑦 𝑡 

2𝑛
𝑡=1

  𝑦𝑡−𝑦  
2𝑛

𝑡=1
 (8.13) 

 

where, 

 

𝑦 =
1

𝑛
 𝑦𝑡
𝑛
𝑡=1  (8.14) 

 

Mean Absolute Error (MAE): 

 

𝑀𝐴𝐸 =
1

𝑛
  𝑦𝑡 − 𝑦 𝑡  
𝑛
𝑡=1  (8.15) 

 

Prediction of Change in Direction (POCID): 

 

𝑃𝑂𝐶𝐼𝐷 =
100

𝑛−1
 𝑑𝑡
𝑛
𝑡=1  (8.16) 
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where, 

  

𝑑𝑡 =  

1, 𝑖𝑓  𝑦𝑡−𝑦𝑡−1  𝑦 𝑡−𝑦𝑡−1 > 0 

0, 𝑖𝑓  𝑦𝑡−𝑦𝑡−1  𝑦 𝑡−𝑦𝑡−1 ≤ 0
0, 𝑖𝑓 𝑡 = 1

  (8.17) 

 

Independent Prediction of Change in Direction (IPOCID): 

 

𝐼𝑃𝑂𝐶𝐼𝐷 =
100

𝑛−1
 𝑑𝑡
𝑛
𝑡=1  (8.18) 

 
where, 

 

𝑑𝑡 =  

1, 𝑖𝑓  𝑦𝑡−𝑦𝑡−1  𝑦 𝑡−𝑦 𝑡−1 > 0 

0, 𝑖𝑓  𝑦𝑡−𝑦𝑡−1  𝑦 𝑡−𝑦 𝑡−1 ≤ 0
0, 𝑖𝑓 𝑡 = 1

  (8.19) 

 

Prediction of Sign (POS): 

 

𝑃𝑂𝑆 =
100

𝑛
 𝑑𝑡
𝑛
𝑡=1  (8.20) 

 

where, 

 

𝑑𝑡 =  
1, 𝑖𝑓 𝑦𝑡 ∙ 𝑦 𝑡 > 0 
0, 𝑖𝑓 𝑦𝑡 ∙ 𝑦 𝑡 ≤ 0

  (8.21) 

 

Another way to assess the network‟s performance is to apply a linear 

regression between target variables 𝑦𝑡  and the network‟s predictions 𝑦 𝑡 . Hence the 

model we are going to implement is: 

 

𝑦𝑡 = 𝑏0 + 𝑏1𝑦 𝑡 + 𝑒𝑡  (8.22) 

 

In order to asses if there is a linear relationship between target variables and 

the network‟s predictions we need to test the null hypothesis that b1 is zero against the 

alternative that b1 ≠ 0: 

𝐻0: 𝑏1 = 0 (8.23) 

𝐻1:𝑏1 ≠ 0 

 

Assuming normal distribution for the residuals et of equation 8.22, t-statistic 

will follow the t-Student distribution with v=n-2 degrees of freedom and will be 

defined as: 

𝑡(𝑛−2) =
𝑏1

𝑠(𝑏1)
 (8.24) 
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where s(b1) is the standard error of coefficient b1 given by the following equation: 

 

𝑠 𝑏1 =
𝑠

  (𝑦 𝑡−𝑦  )𝑛
𝑡=1

 (8.25) 

 

where s is the standard error of the residuals 

𝑠 =  
 𝑒𝑡

2𝑛
𝑡=1

𝑛−2
 (8.25) 

 

and 

 

𝑦  =
 𝑦 𝑡
𝑛
𝑡=1

𝑛
 (8.26) 

 

In addition we need to proceed with the following hypothesis testing, in order 

to examine if the constant b0 equals with zero or not. 

 

𝐻0: 𝑏0 = 0 (8.27) 

𝐻1:𝑏0 ≠ 0 

 

Here, 

 

𝑡(𝑛−2) =
𝑏0

𝑠(𝑏0)
 (8.28) 

 

and  

 

𝑠 𝑏0 = 𝑠 
1

𝑛
+

𝑦  2

 (𝑦 𝑡−𝑦  )2𝑛
𝑡=1

 (8.29) 

 

Finally, we perform the hypothesis test that b1 equals with one against the 

alternative that b1 is not one. Formally this is: 

𝐻0: 𝑏1 = 1 (8.30) 

𝐻1:𝑏1 ≠ 1 

 

In this case t-ratio is given by: 

 

𝑡𝑛−2 =
𝑏1−1

𝑠(𝑏1)
 (8.31) 

 

Generally, a network which predicts accurately an asset‟s returns should 

generate predictions linearly related with the target variables (returns), the coefficient 

b0 should be different than zero and the slope of the regression should be equal with 1. 
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From the whole universe of technical tools (Table 8.1) we identified the best, 

historically performing parameter combinations with the methodology presented in 

Section 8.2 for each price series (Table 7.1). Subsequently we identified the optimal 

number of hidden units for the feedforward neural network used with multifold 

variant of the hv-cross validation methodology presented in the previous section. The 

out-of-sample dataset we kept for testing the performance of these systems 

corresponds to the last two trading years for each market index. All relevant t ratios 

for the aforementioned hypothesis tests are illustrated in Fig. 8.5. As we can see, the 

developed networks did not manage to predict returns in an accurate manner. Only in 

two cases (idx2 and idx20) a linear relationship between predictions and targets is 

found (b1 ≠ 0), but for sure these coefficients were not statistical significant equal with 

one. 

Figure 8.5: Hypothesis testing for the networks’ performance. Each subplot 

illustrates the relevant t-ratios defined by equations 8.24 8.28 and 8.31. Horizontal 

lines signify the zones out of which we reject the null hypothesis.  

 

Generally, results presented so far, indicate no linear relationships between target and 

predictions. This implies that the network cannot predict the size of the returns, and 

thus generate systematically abnormal returns. Our analysis continues with the 

evaluation of the networks‟ trend predictability. For this purpose, Fig. 8.6 presents the 

corresponding POCID, IPOCID and POS indicators for the examined 25 market 

indices. Horizontal lines signify the zones out of which the ratios differ significantly 

from a 50% fair level for 90%, 95% and 99% significance level. 
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Figure 8.6: Assessing the networks’ trend predictability 

 

POCID (Equation 8.16) measures the predictability of the change in direction. 

Although this measure is usually applied on prices, in our case we use returns. In this 

case a correct prediction occurs when both the actual return and the predicted return at 

time t, are either greater, or lower than the precedent actual return. Assume for 

example that the actual return on time t-1 was negative whilst the subsequent return 

on time t was positive. In this case, a correct prediction would occur if the network 

predicts either a positive return or a negative return greater (or lower in absolute 

values) that yt-1. In other words, if yt-1<0 (yt-1>0), a correct prediction would imply 

that the following day the asset‟s return would be less negative (less positive) than the 

previous one. After a day with a realised return of a specific sing, the chances to 

observe a subsequent return with either the opposite sign or the same sign but with a 

lower absolute value are greater than 50%. Thus, this figure is reasonable to be above 

the fair level of 50%. Indeed, in all examined price series this is the case. 

Consequently, POCID values illustrated in Fig. 8.6 do not provide any evidence in 

favour of TA. 

On the contrary, IPOCID measures the predictability of the change in direction 

in a different manner. Here, it is being examined if the network predicts for two 

subsequent periods the returns‟ trend. A correct prediction would occur if for two 

succeeding periods, actual and predicted returns moved towards the same direction 

regardless of their sign. Results regarding this measure are mixed, but the majority of 

cases lie between the expected levels (fluctuation around the 50% “fair” level). More 
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concretely, out of the 25 examined price series, IPOCID fluctuated between the 

normal bounds for 11 of them. In seven cases the network predicted the change in 

direction significantly (3, 2 and 2 cases realised statistical significant IPOCID values 

for 99%, 95% and 90% confidence levels respectively) and for another seven cases 

the network failed to predict the change in direction. This mixed performance was 

expected, if we recall from the previous chapter that the efficiency is also a matter of 

the examined market. However, even in the cases where the network performed 

efficiently (as implied by IPOCID), potentials of realizing excess returns are week. 

Finally, POS measure, assess the ability of the network to predict the sign of 

the actual return. In most cases the network performed insignificantly. 23 out of 25 

cases realized POS ratios between the normal bounds, and only in 2 cases the network 

predicted significantly the sign of the returns (POS ratios for idx11 and idx20 are 58,8% 

and 56,8%,  which are statistical significant for 99% and 95% level respectively). It is 

also important to note that in 14 price series POS ratios were greater than 50% 

regardless their significance. This finding corroborates results presented in Chapter 7. 

Again, initial evidences imply that generally TA can sporadically predict the sign of 

returns, but when we consider the statistical significance of these predictions, results 

are being exacerbated. In other words, an irrational individual who suffers either from 

the “neglect of probability” or “hindsight” bias may be convinced by these results that 

TA embeds predictive power. 

 

8.5 Summary and Conclusions 
 

In this final chapter we assessed the generalized efficacy of TA through the adoption 

of a methodology that resembles the manner a technician acts. Initially, we identified 

the optimal parameter combinations for each technical indicator and pattern included 

in our universe of technical tools. This was achieved through the ANOVA-based 

parameter optimization methodology we proposed in Section 8.2. The route we 

followed is actually a back-testing process, and the selection of each optimal 

parameter combination was supported by a graphical explanation. The outcome of this 

process was used as inputs for an artificial neural network that was trained on returns 

realised by 25 market indices around the world. The networks‟ architectures were pre-

defined with a multifold variant (Brownleesa & Gallob, 2011) of the hv-cross 

validation technique proposed by (Racine, 2000). A nonlinear system like the neural 
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network can simulate the way a technician acts, in a sense that it is going to assign 

different weights to the given inputs. We could argue that a technician does the same 

when he considers his available technical tools unevenly. 

The performance of these networks was assessed with a variety of hypothesis 

tests for the coefficients resulted by regressing predictions with target variables. 

Results obtained by these tests imply no linear relationships between actual and 

predicted returns. This in turns means that the network failed to forecast the size of 

those returns. 

However when the same predictions were examined with POCID, IPOCID 

and POS indicators results were mixed. POCID results imply that the network can 

answer the following question: If today‟s returns are positive (negative), will 

tomorrow‟s returns be less positive (less negative)? Nevertheless, answering correct 

this question does not provide any explicit means of succeeding abnormal returns. 

Regarding the second indicator, results signify some cases where actual and predicted 

returns for two succeeding periods, moved towards the same direction regardless of 

their sign. These cases are the minority, since in most cases this ratio was close to the 

fair level of 50%. Even less were the cases, where the developed networks forecasted 

the sign of the return in a statistically significant manner (as implied by the POS 

ratios). Synoptically our results obtained by this chapter are aligned with EMH, and 

corroborate results generated from previous chapters. 

In this chapter we used a feedforward neural network for assessing the 

generalised efficacy of TA. However other non-parametric and nonlinear methods 

may be used for the same purpose (Bootstrapped Aggregated Regression trees, Self 

organizing maps, and other types of artificial neural networks). An extensive analysis 

on this basis though is out of the scopes of this thesis.  
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PART IV: CONCLUSIONS, APPENDIX AND 

BIBLIOGRAPHY 

 

Part IV includes the conclusions of this thesis, an appendix and the corresponding 

bibliography. Regarding conclusions, a summary of our main contributions to 

academia and the finance industry in general is also provided, along with a discussion 

of directions for further work. However, contributions are being discussed in more 

detail in Section 1.3. Appendix presents the proposed identification methodology for 

five additional “zig-zag” technical patterns; flags, pennants, wedges, triple 

tops/bottoms and double tops/bottoms.  
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CONCLUSIONS 

 

This chapter presents a summary of our main conclusions and discusses directions for 

further work. In addition it contains the contribution which our current methodology 

makes to the academic community and the finance industry in general. 

To begin with, Efficient Market Hypothesis (EMH) and Technical Analysis 

(TA) are two interlaced and strongly debated concepts in the academic literature. 

Proponents of the EMH argue that market prices fully reflect all the information 

available. In this thesis, we assess the weak form EMH by setting as available 

information set historical prices. Random walk models are consistent with EMH since 

they suggest that market prices evolve in a stochastic manner. More concrete, RW1 

consists the simplest version of the RW hypothesis which describes the manner that 

market prices change. Increments of this version are assumed to be IID. However, 

restriction regarding the identical distribution is irrational, especially when the model 

is implemented on financial asset prices over long time spans. Relaxing this restriction 

results in RW2, the second version of RW hypothesis, where increments are INID. 

RW2 describes in a more efficient way the evolution of financial price series since it 

allows for unconditional heteroskedasticity in the residuals, which is particularly a 

common feature in financial price series. In this thesis we focused on TA which 

consists a powerful tool to perform an “economic” test of RW2 and thus a weak form 

market efficiency test.  

Advocates of TA assert that technical indicators and patterns are powerful 

means for predicting future price behaviors. However, the efficacy of TA is strongly 

debated in the academic community due to the fact that any findings in favour or 

against it, suffer from considerable deficiencies. For example, these problems can be 

attributed in the presence of many biases, data snooping problems, the joint 

hypothesis problem, the existence of numerous technical indicators and patterns and 

especially the subjective nature embedded in TA. In this thesis, among others, we 

focus on the subjectivity that can be traced in the identification and interpretation of 

technical patterns, especially when the identification process is implemented via 

visual assessment. The manner that the reported experiments were carried eliminate 

(or even in some cases vanish) the aforementioned problems. 
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Although many proposed nonlinear techniques (e.g. template matching, neural 

networks etc.) manage to identify a variety of technical patterns they suffer from two 

main limitations: the time-frame problem and the input specification. In this thesis we 

propose a variety of novel rule-based pattern identification systems, which outperform 

the aforementioned nonlinear techniques on the basis of these two limitations. Each 

mechanism scans the price series, identifies regional locals and examines if specific 

sequences of locals exist which fulfill a set of criteria (equalities or inequalities). 

These criteria are not arbitrarily chosen, but they were developed after considering 

conventions found in well known technical manuals. Thus, technical pattern 

identification process becomes objective, which is a necessary condition for us to 

evaluate subsequently the efficacy of TA in general. 

Afterwards, technical trading strategies based on these patterns were 

developed, and the performance of each individual pattern was assessed individually, 

on a variety of datasets. The reason for doing so was to generate comparable results 

with already existing empirical ones. Real datasets used in our experiments include 

adjusted for dividends and splits daily closing prices of stocks listed on NASDAQ 

(232 stocks) and NYSE (501 stocks) for the last two decades, and 25 of the world‟s 

most famous market indices, over the last decade. The 733 stocks included in the first 

dataset, are the remainders of an initial dataset of 3803 stocks, after we applied the 

necessary filters to improve the robustness of our tests (see Chapter 4). In general, 

when the performance of each technical pattern was assessed individually on these 

datasets, obtained results corroborated findings reported in other surveys which were 

also aligned with EMH. Experiments were carried in different sub-periods of 

examination to reduce suspicions of data-snooping bias. 

As with other proposed identification mechanisms of this thesis, the one 

regarding the identification of HSAR levels encloses principles found in well known 

technical manuals for their identification with visual assessment. Since most 

published articles identify support (resistance) levels as the previous lowest (greatest) 

price, the comparison of our findings is being made with those presented in studies  

where the evaluated support and resistance levels had been published by proficient 

firms rather than calculated by simple arithmetic rules. After identifying successfully 

HSAR levels, two analyses (dubbed “bounce and profitability”) are carried out with a 

bootstrap technique in order to decide whether these levels are efficient trend-reversal 

predictors and if they can generate systematic abnormal returns respectively (see 
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Chapter 4). The presented results corroborate the most basic conclusions reported in 

the studies of comparison. Regarding the “bounce analysis”, stock prices of the 

examined dataset bounce on estimated support levels more often than would have 

occurred had the HSAR been randomly chosen. This constitutes support levels as 

efficient trend reversal predictors. On the other hand, estimated resistance levels failed 

to outperform the artificial ones. The superiority of support levels compensates for the 

poorer performance of resistance levels, and this affects the overall picture of HSAR 

which is generally efficient. Furthermore, it is being examined if the number of locals 

that signal a HSAR has any importance. The number of these locals is treated as a 

strength value for each HSAR level and results indicate that these “strengths” play no 

major role in predicting trend interruptions. “Bounce analysis” confirms some of the 

main findings reported in previous studies for currency markets, with the difference 

that this study scrutinizes further the performance of the support and resistance levels 

separately. In the part concerning “profitability analysis”, two different trading rules 

are used. However without even considering transactions costs, they both fail to 

generate systematically statistically significant excess returns. Furthermore no 

consistency in the profitable performance is found in the examined stock price series, 

which means that stocks, where abnormal returns are generated, fail to “beat the 

market” across subsequent sub-periods. Results in both analyses are stable across all 

sub-periods of comparisons, and robust to any different parameterization. The good 

performance concerning the trend predictability is somehow elusive since the 

profitability tests implemented fail to provide evidence of abnormal returns compared 

with a simple buy-and-hold strategy. This finding constitutes a first indication of the 

illusive nature of TA and is aligned with a variety of biases presented within the 

framework of behavioral finance. 

Regarding the HS pattern, the proposed identification mechanism is based on 

the criteria presented in (Lucke, 2003) with the difference that these criteria where 

enriched in order to identify all four different cases of the HS pattern. In addition an 

alternative identification mechanism with neural networks is proposed. Primarily, the 

success of this identification process is verified by its implementation on specific 

price series for which the pattern was identified visually and published in a variety of 

websites. Subsequently, we tested if the HS pattern can be successfully identified on 

half a million, stochastically generated price series with the use of the Geometric 

Brownian Motion and with different combinations of volatility and drift rate. Results 



 

182 
 

were surprising, since the identification frequency of the pattern was great (11.5% of 

the time). This finding suggests that the HS technical pattern can come into existence 

out of practically pure randomness. In the context of behavioral finance, bibliography 

provides also evidence for the existence of “clustering illusion”, which is a cognitive 

bias that makes human believe that he can observe patterns in a chaotic system. As 

expected, excess returns generated from the relevant trading strategies were not 

statistically significant. We scrutinized further the pattern‟s performance and 

examined carefully three different possible price paths after the pattern‟s formation. 

Only in a small percentage (16.09%) of the overall cases, price evolves as TA asserts 

and generates positive mean returns. Consequently, if GBM is an accurate 

representation of the stock price generation mechanism then this simulation would 

provide evidence in favour of EMH. However, we cannot assert that this parallelism 

holds, so we proceeded further and ran the simulations on real price series too. It is 

reasonable to expect that the pattern will be identified in real price series, since it is 

also being traced in a random series. It is also vital to mention, that the pattern 

performed similarly when applied on real price series. Therefore, we can envisage that 

in real life supporters of TA might see ex-post only this small, but profitable 

proportion of the whole image. In behavioral finance terminology this is known as 

“Hindsight” bias which gives the inclination to see past events as being predictable. In 

general various cognitive biases affect the way investors act, and make them to take 

excess risk and in some cases act illogical. We presented similar findings by a 

questionnaire survey where graduate students of the University of Macedonia were 

asked whether they were willing to play a game with characteristics identical with 

those found in the simulation for the HS pattern identification. 

 Regarding the “Rounding Tops/Bottoms” patterns the proposed identification 

mechanism deals also with the time frame selection problem. It can identify patterns 

of variable sizes at once, and by altering one parameter it can identify the simplest 

version of support and resistance levels. Our empirical results reported at this point, 

illustrate that these technical patterns do not produce systematic abnormal returns for 

the whole sample period. Two further main findings were that market inefficiencies 

can be tracked only in the first sub-period of our dataset and only when short term 

holding periods are used. This corroborates with a variety of other studies according 

to which trading rules generate positive returns before the 1990s, but these profits 
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decline or even vanish in the following years. In addition, aligned with our second 

finding, other studies report higher returns for shorter holding periods. 

Furthermore many already existed surveys are based solely on a small number 

of technical indicators to assess the efficiency of a market. Such processes raise 

suspicions of selection biases. Another contribution of this thesis is the evaluation of 

the generalised efficacy of TA by widening the universe of technical tools examined. 

To do so, our universe of technical rules is composed by a bundle of the most 

celebrated technical indicators and patterns. Specifically in Chapter 7 we apply these 

trading rules on a dataset consisting of the 25 well known market indices around the 

world. Parameters used for each rule are the most usual as reported in well known 

technical manuals. This process is actually an enriched experiment compared to the 

pioneered work presented in (Brock, et al., 1992). Statistical tests implemented here 

were ordinary statistical test, including t-rations and Bernoulli trials, and bootstrap 

techniques. Ordinary statistical tests are used to extract first indications regarding the 

efficacy of TA. However, distributional assumptions made by these test are not likely 

to occur in actual price series. Real price series present leptokurtosis, autocorrelation 

and conditional heteroskedasticity. To deal with this problem we carry bootstrap test, 

where distributions are generated from simulated null models (AR(1), GARCH-m and 

E-GARCH). 

Regarding ordinary statistical tests, the performance of each technical rule is 

assessed by examining the returns generated by bullish (buy) signals, bearish (sell) 

signals and by the combination them (Buy-Sell signals). “Buy” and “Buy-Sell” 

signals generate more often positive returns, whereas “Sell” signals produce more 

frequently negative ones. But the frequencies of the returns that are statistically and 

significantly different from the unconditional mean returns are dramatically lower. In 

addition each signal is treated as a Bernoulli trial and it is assessed if the 

aforementioned frequencies differ in a significant manner from a 50% pure chance. 

Concerning “buy” signals, a proportion of 71.19% generate positive returns with 

frequencies greater than 50%.When focusing on the cases where these frequencies 

differ significantly from the benchmark of 50%, this proportion reduces to 12.99%. A 

further exacerbation occurs, and this figure drops to 5.37%, when centering our 

attention to the cases where mean returns generated are significantly different than the 

unconditional mean return. Similar is the picture for “sell” signals. In addition, results 

presented in Chapter 7, suggest superiority for technical patterns with the HS and 
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Wedges being the most reliable. The subjectivity embedded in the identification of 

technical patterns, may allow for short time delays, for the incorporation of “new 

information” to prices. Here “new information” refers to the realization by the 

investment community of a pattern‟s fully formation. Unbiased recognizers, like the 

proposed identification mechanisms of this thesis, may take benefit of such time 

delays. But patterns‟ superior performance is compensated by their low frequencies of 

observations. This is a very important aspect to consider since indicators produce 

numerous signals, which forces the mean trading returns to approximate the 

unconditional means. Finally, higher levels of inefficiencies are found in Asia/Pacific 

markets. This is also aligned with results reported by earlier studies (Bessembinder & 

Chan, 1995; Ito, 1999; Loh, 2007). Overall bootstrap results corroborate those 

acquired by ordinary statistical tests. They present even less statistical significant 

cases which implies that some of the distributional assumptions made in ordinary 

statistical tests may affect statistical inferences. In addition the overall performance of 

the examined trading rules is not sufficient to characterise any of the examined 

markets as weak-form inefficient.  

The overall conclusion drawn from both testing procedures is somewhat 

puzzling. To be more specific bullish and bearish strategies generally produce mean 

positive and negative returns accordingly. The magnitude of those returns though, is 

not statistically significant. This constitutes the TA performance misleading. If we 

also consider findings of behavioural finance this may explain the unambiguous 

persistence of many investors to base their trading decisions on TA. In other words, in 

a no ideal world, irrational, unsophisticated or biased investors exist, and they may 

stick with the first illusive impression rather seeing the whole picture. 

Although analysis presented n Chapter 7 provides useful conclusions, it fails 

to simulate the manner which actual technicians act, in two ways. First parameters 

used for the calculation of technical indicators and for the identification of technical 

patterns are the most commonly used by technicians. Furthermore, although we can 

extract individual assessments for each technical rule, generalised conclusions for TA 

are drawn by the averages. In the final chapter we deal with those two problems by 

performing a proposed ANOVA-based parameter optimization method, and by using 

artificial neural networks which assign different weight to each trading rule according 

to their past performance. These two adjustments make trading rules implemented, 

approaching those from a rational, unbiased investor and thus we can evaluate TA in a 
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more comprehensive way. The architecture of the network was defined by performing 

a multifold variant of hv-block cross validation for dependent data. Empirical results 

obtained from this experiment suggest no linear relationship between predictions and 

target variables. In other words TA failed to predict the actual size of returns.  

However when the same predictions were examined with POCID, IPOCID 

and POS indicators results were mixed. POCID results imply that the network can 

successfully predict if tomorrow‟s returns are less positive (less negative) than today‟s 

positive (negative) returns. Regarding IPOCID, results exhibit that there are some 

cases where actual and predicted returns for two succeeding periods, moved towards 

the same direction regardless of their sign. But for the majority of the examined price 

series this was not the case, since IPOCID ratios fluctuated close to the “fair” level of 

50%. Finally, even less were the cases, where the developed networks forecasted the 

sign of the return in a statistically significant manner (as implied by the POS ratios). 

Yet, as we already mentioned in Chapter 7 even in cases where we are able to forecast 

the sign of the return, this is not a sufficient condition to generate systematically 

abnormal returns. Overall results obtained at this part of the thesis are aligned with 

EMH, and corroborate results generated from previous chapters. 

Conclusively this thesis provides a bundle of novel rule-based technical 

pattern identification mechanisms, which outperform other nonlinear identification 

processes, suggested in the existed bibliography. These unbiased recognizers can 

provide additional tools in the academic community for more comprehensive future 

evaluations of TA. Assortments of empirical conclusions on a wide dataset are also 

provided within this thesis. These findings can be used as benchmarks for 

comparisons in future surveys. Implications for the industry are also plausible. TA 

software packages are usually constrained to technical indicators. Our proposed 

methods can be used by the industry to expand the universe of technical tools they 

provide within their services. Of course, technicians can assess individually the 

performance of those mechanisms, adjust them to their idiosyncratic needs and 

include them within their trading strategies.      

Transactions costs were not considered in this thesis. The imposition of 

transaction costs would deteriorate further the performance of TA. This would be a 

further point to consider if results reported here were in favour of TA. Since overall 

results are in favour of weak-EMH this omission is of little importance. Furthermore, 

when investors are financial intermediaries (like Hedge funds or Mutual Funds) that 
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can make transactions with beneficiary trading cost compared to other individual 

investors, an assumption of close to zero transaction costs is realistic. Perhaps an 

additional productive route towards future advances may be to combine signals 

generated by technical patterns with other predictor variables (e.g. financial ratios 

from fundamental analysis) within a variety of systems (e.g. multifactor models, 

nonlinear models, regression trees and neural networks) and develop more 

sophisticated automatic trading systems. Another fruitful route may be to include 

intraday datasets in future studies. The higher speed at which newly available 

information is incorporated into market prices suggests that if indications of market 

inefficiencies exist in current markets, they should be observed in small time spans. 

Science or art, profitable or not, surveys report that technical analysis is being 

included by a considerable amount of investors within their everyday, trading and 

investment decisions. The answer regarding these two queries probably lies 

somewhere in the middle. Barriers presented in this thesis, which make difficult to 

define technical trading rules and measure their predictive power constitute the 

answering of the aforesaid questions a fogy issue. Any empirical evidence provided in 

the bibliography is usually treated with doubt. Until this mist of doubt lifts, TA is 

going to remain in the foreground. The methodology framework presented in this 

thesis aims to move TA towards science, and to shed light in measuring its 

performance. 
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APPENDIX 

This Appendix provides our proposed criteria for the identification of Flags, Pennants, 

Wedges, Triple and Double Tops and Bottoms patterns. In Chapters 4, 5 and 6 we 

presented in detail the relevant identification mechanisms for the HSAR, RB, RT and 

HS patterns. These patterns are representative for three main categories of patterns. 

We could argue that HSAR are horizontal, RB and RT are circular and HS are “zig-

zag” patterns. Patterns presented in this Appendix are classified as “zig-zag” and the 

notion behind their identification is similar with the one presented for the HS pattern. 

The assessment of these patterns‟ efficacy was provided in Chapters 7 and 8, along 

with other patterns and indicators that consisted our universe of technical tools. 

Section A.1 presents the identification of Flags, Pennants and Wedges patterns whilst 

section A.2 presents the identification of Triple and Double Tops and Bottoms 

patterns.   

 

A.1 Identifying Flags, Pennants and Wedges 

 
The identification of flags, pennants and wedges is accomplished with processes 

based on the same notion with methods presented in Chapters 4 and 5. Again the rw(·) 

identifies regional locals (Section 4.3). Recall from the descriptions of these patterns 

that each pattern can be spotted either with an ascending or a descending form. The 

identification of each pattern is utilized when these regional locals satisfy a set of 

inequalities (or equalities). For the following formulas T* is the time that the two lines 

converge, L is the pattern‟s length, B* is the price at which a trading signal occurs and 

ti is the time when the local i arises. 

For a descending Flag (Fig. A1-left), a PBPB
79

 sequence must be identified 

that satisfies the criteria in equation A.1. The first two inequalities ensure that the 

pattern has a descending slope and the third one guarantee that the two trendlines that 

form the pattern are almost parallel. Flags have duration from a few days to 3-5 weeks 

(Bulkowski, 2000; Edwards & Magee, 1997; Murphy, 1986; Pring, 2002). The fourth 

inequality ensures that the length of the pattern would be up to 4 weeks (20 trading 

days). The trend preexistence is characterised by applying a moving average of 20 

                                                             
79

 A PBPB sequence stands for a sequence of four successive regional locals; Peak, Bottom, 

Peak and Bottom. 
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days, at two months before the pattern‟s identification.  When the vast majority (90%) 

of closing prices is above the moving average, then the trend is characterized as 

bullish. In the opposite scenario the trend realized is bearish. If none of the above 

scenarios stand then the trend is characterised as parallel and the corresponding 

pattern is not considered. The last criteria of equation A.1 can be easily examined by 

evaluating if the day after the penetration the price is above the upper trendline drawn 

by the two peaks. The interpretation of the corresponding sets of criteria for the 

remaining patterns is analogous.  

 

 
Figure A.1: Simplified illustration of the Flags technical patterns. The left subfigure 

illustrates the case of a descending flag and the right subfigure presents the case of an 

ascending flag. 

 

For a PBPB sequence: 

𝐷𝑒𝑠𝑐𝑒𝑑𝑖𝑛𝑔 𝐹𝑙𝑎𝑔 (𝐵𝑢𝑙𝑙𝑖𝑠 𝐹𝑙𝑎𝑔)

 
 
 

 
 

𝑃2 ≤ 𝑃1

𝐵2 ≤ 𝐵1

𝑇∗ − 𝑡𝑃1
> 5(𝑡𝐵2

− 𝑡𝑃1
)

𝐿 ≤ 20
𝑈𝑝𝑡𝑟𝑒𝑛𝑑 𝑝𝑟𝑒𝑒𝑥𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝑈𝑝𝑤𝑎𝑟𝑑 𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛

   (A.1) 

 

For a BPBP sequence: 

𝐴𝑠𝑐𝑒𝑛𝑑𝑖𝑛𝑔 𝐹𝑙𝑎𝑔 (𝐵𝑒𝑎𝑟𝑖𝑠 𝐹𝑙𝑎𝑔)

 
 
 

 
 

𝑃2 ≥ 𝑃1

𝐵2 ≥ 𝐵1

𝑇∗ − 𝑡𝐵1
> 5(𝑡𝑃2

− 𝑡𝐵1
)

𝐿 ≤ 20
𝐷𝑜𝑤𝑛𝑡𝑟𝑒𝑛𝑑 𝑝𝑟𝑒𝑒𝑥𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝐷𝑜𝑤𝑛𝑤𝑎𝑟𝑑 𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛

   (A.2) 

 

Regarding “Pennants” and “Wedges” most criteria are similar with those 

presented for the flags pattern. Cralification is needed for the fifth creterion of both 

patterns. Concerning pennants, this criterio is needed in order to make sure that price 

penetratesthe two trendlines, and thus generates a signal, after the midpoint and before 
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the 75% of the patterns length (Fig. A.2). For wedges the penetration must occur after 

the 75% of the patterns lengths (Fig. A.3). 

 
Figure A.2: Simplified illustration of the Pennants technical patterns. The left subfigure 

illustrates the case of a bullish pennant and the right subfigure presents the case of a bearish 

pennant. 
 

 

 

For a PBPB sequence: 

𝐵𝑢𝑙𝑙𝑖𝑠 𝑃𝑒𝑛𝑛𝑎𝑛𝑡

 
 
 
 

 
 
 

𝑃2 < 𝑃1

𝐵2 > 𝐵1

𝑇∗ − 𝑡𝑃1
< 2 𝑡𝐵2

− 𝑡𝑃1
 ⟺ 𝑇∗ < 2𝑡𝐵2

− 𝑡𝑃1
  

𝑡𝐵∗ − 𝑡𝑃1
≤ 20

0.5𝐿 < 𝑡𝐵∗ − 𝑡𝑃1
< 0.75𝐿

𝑈𝑝𝑡𝑟𝑒𝑛𝑑 𝑝𝑟𝑒𝑒𝑥𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝑈𝑝𝑤𝑎𝑟𝑑 𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛

  (A.3) 

 

For a BPBP sequence: 

𝐵𝑒𝑎𝑟𝑖𝑠 𝑃𝑒𝑛𝑛𝑎𝑛𝑡

 
 
 
 

 
 
 

𝑃2 < 𝑃1

𝐵2 > 𝐵1

𝑇∗ < 2𝑡𝑃2
− 𝑡𝐵1

𝑡𝐵∗ − 𝑡𝐵1
≤ 20

0.5𝐿 < 𝑡𝐵∗ − 𝑡𝐵1
< 0.75𝐿

𝐷𝑜𝑤𝑛𝑡𝑟𝑒𝑛𝑑 𝑝𝑟𝑒𝑒𝑥𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝐷𝑜𝑤𝑛𝑤𝑎𝑟𝑑 𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛

  (A.4) 

 

 
Figure A.3: Simplified illustration of the Wedges technical pattern. The left subfigure 

illustrates the case of a bullish wedge and the right subfigure presents the case of an bearish 

wedge. 
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For a PBPB sequence: 

𝐵𝑢𝑙𝑙𝑖𝑠 𝑊𝑒𝑑𝑔𝑒

 
 
 
 

 
 
 

𝑃2 < 𝑃1

𝐵2 < 𝐵1

𝑇∗ < 2𝑡𝐵2
− 𝑡𝑃1

10 ≤ 𝑡𝐵∗ − 𝑡𝑃1
≤ 40

0.75𝐿 < 𝑡𝐵∗ − 𝑡𝑃1

𝑈𝑝𝑡𝑟𝑒𝑛𝑑 𝑝𝑟𝑒𝑒𝑥𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝑈𝑝𝑤𝑎𝑟𝑑 𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛

  (A.5) 

 

For a BPBP sequence: 

𝐵𝑒𝑎𝑟𝑖𝑠 𝑊𝑒𝑑𝑔𝑒

 
 
 
 

 
 
 

𝑃2 > 𝑃1

𝐵2 > 𝐵1

𝑇∗ < 2𝑡𝑃2
− 𝑡𝐵1

10 ≤ 𝑡𝐵∗ − 𝑡𝐵1
≤ 40

0.75𝐿 < 𝑡𝐵∗ − 𝑡𝐵1

𝐷𝑜𝑤𝑛𝑡𝑟𝑒𝑛𝑑 𝑝𝑟𝑒𝑒𝑥𝑖𝑠𝑡𝑎𝑛𝑐𝑒
𝐷𝑜𝑤𝑛𝑤𝑎𝑟𝑑 𝑝𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛

  (A.6) 

 

 

 

 

A.2 Identifying Triple and Double Tops and Bottoms 

 

Murphy (1986) characterises the triple tops or bottoms pattern as a variation of the HS 

pattern. He also states that “the major difference is that the three peaks (or troughs) in 

the triple top (or bottom) pattern are about the same level.” It is of little importance if 

a chartist cannot separate this pattern from the HS, because both patterns signify the 

same future evolution of the price. 

The notation used for the following conditions refers to the case of the triple 

tops reversal patterns (Fig. A.4). As in the case of the HS reversal pattern, for the 

identification of the triple bottoms reversal pattern (Fig. A.5), the same identification 

script can be applied in the mirror image of the stock price series, or by putting in the 

equations A.7-15 the relevant point of Fig. A.5.  
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Figure A.4: Simplified illustration of the Triple Tops 

 

Figure A.5: Simplified illustration of the Triple Bottoms 

 

Condition 1: (Uptrend Preexistence): The pattern is preceded by a generally positive 

underlying trend. 

 

𝑃1 > 𝑃0  & 𝑇1 > 𝑇0 (A.7) 
 

Condition 2: (Balance): The three peaks are at about the same level.  

 

0.95 
𝑃1+𝑃2+𝑃3

3
≤ 𝑃1 ≤ 1.05 

𝑃1+𝑃2+𝑃3

3
 (A.8) 

0.95 
𝑃1+𝑃2+𝑃3

3
≤ 𝑃2 ≤ 1.05 

𝑃1+𝑃2+𝑃3

3
 (A.9) 

0.95 
𝑃1+𝑃2+𝑃3

3
≤ 𝑃3 ≤ 1.05 

𝑃1+𝑃2+𝑃3

3
 (A.10) 
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Condition 3: The second trough must be at least at the same level with the first one 

and as close as possible. Otherwise there will be a penetration of the support level that 

the first trough indicates, and there will be a double bottom (and not triple top) 

formation. At this point we can apply the following criteria: 

 

𝑇2 ≥ 𝑇1 (A.11) 
 

0.95 
𝑇1+𝑇2

2
≤ 𝑇1 ≤ 1.05

𝑇1+𝑇2

2
 (A.12) 

 

Condition 4: (Symmetry): The time between the first two peaks must not be more 

than 2.5 times the time between last two peaks and vice versa. 

 

𝑡𝑝2 − 𝑡𝑝1 < 2.5(𝑡𝑝3−𝑡𝑝2)  (A.13)
 

 

𝑡𝑝3 − 𝑡𝑝2 < 2.5(𝑡𝑝2−𝑡𝑝1)  (A.14) 
 

Condition 5: (Time limit): Let τ denote the time at which the price St falls below the 

support level indicated by points T1 and T2. This must not happen too long after the 

formation of the right peak (distance w in Fig. A.4), say: 

 

𝜏 < 𝑡𝑝3+(𝑡𝑝3−𝑡𝑝1)  (A.15) 

 

Another well known pattern similar with the previous one  is the double tops 

(bottoms) (Figs. A.6-7) The resemblance with the letters “M” (“W”) made this 

pattern known as an “M” (a “W”). At the case of the “M” pattern, price evolvement 

creates two subsequent peaks at about the same level with a local bottom between 

them. Later on, a beginning of a new downtrend takes place, and the “M” pattern 

signals a short position at point S* (Fig. A.6). After the penetrations of the support 

level (at point S*) the pattern indicates that it will follow a fall of the price equal with 

the height of the pattern (point L*). Similarly with the aforementioned reversal 

patterns, the double bottoms pattern is a mirror image of the double tops (Fig.A.7). 

All relevant criteria used for the “M” pattern‟s identification are illustrated in 

equations A.16-19. A mirrored process can be used for the identification of “W” 

patterns. 
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Figure A.6: Simplified illustration of the double tops reversal pattern (“M” formation). 
Where S* is the short signal and L* is the long signal. Pi and Ti represent the pattern‟s peaks 

and troughs.   

 

 
Figure A.7: Simplified illustration of the double bottoms reversal pattern (“W” formation). 

A mirror image of the double tops reversal pattern (“M” formation) 

 

 

Condition 1: (Uptrend Preexistence):  The pattern is preceded by a generally positive 

underlying trend. This is the same criterion used in TT and TB patterns. 

 

𝑃1 > 𝑃0  & 𝑇1 > 𝑇0 (A.16) 
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Condition 2: (Balance) The two peaks are at about the same level. 

 

0.95 
𝑃1+𝑃2

2
≤ 𝑃1 ≤ 1.05 

𝑃1+𝑃2

2
 (A.17) 

 

0.95 
𝑃1+𝑃2

2
≤ 𝑃2 ≤ 1.05 

𝑃1+𝑃2

2
 (A.18) 

 

Condition 3: (time limit): Let τ denote the time at which the price St falls below the 

support level. This must not happen too long after the formation of the second peak 

(distance w in Fig. A.6), say: 

 

𝜏 < 𝑡𝑝2+(𝑡𝑝2−𝑡𝑝1)  (A.19) 
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